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In recent years, multimodal remote sensing images (MRSI) have demonstrated complementary cross-modal
information owing to their heterogeneous characteristics, enabling more detailed and effective scene in-
terpretation than single-modality data. To address challenges in existing multimodal fusion methods, this
paper proposes DLGCNet, a multimodal segmentation network that jointly optimizes a dual diagonal low-
rank adaptation (D?’LoRA) training framework for visual foundation models (VFMs) and a graph convolutional
feature fusion (GCFF) module. To better adapt to the data distributions of MRSI, D?LoRA introduces two
trainable diagonal matrices that perform row-wise and column-wise transformations on the low-rank weight
matrix, thereby improving the VFM’s adaptability and feature extraction performance for MRSI. To overcome
the limited cross-modal modeling capacity of convolutional neural network-based fusion and the excessive
complexity of transformer-based fusion, GCFF dynamically adjusts the graph Laplacian according to modal
information and establishes long-range cross-modal dependencies with lower computational complexity than
transformer-based fusion methods. Experimental results demonstrate that, compared to current state-of-the-
art multimodal data fusion methods, the proposed DLGCNet achieves optimal segmentation results on three
datasets: Potsdam, Vaihingen, and WHU-OPT-SAR. The source code is accessible at https://github.com/
2023xjh2023/DLGCNet.

1. Introduction

With the rapid advancement of remote sensing technology, the cost
of acquiring remote sensing data has significantly decreased, while
its data availability and application value have surged [1]. Remote
sensing imagery plays a critical role across multiple disciplines, includ-
ing geomorphological mapping [2-4], urban layout and infrastructure
development [5-7], and environmental monitoring [8-10]. In recent
years, driven by the rapid progress in computer vision technologies,
deep learning-based semantic segmentation algorithms have become in-
dispensable tools for interpreting remote sensing images [11]. Notably,
multimodal remote sensing images (MRSI), leveraging the complemen-
tary advantages of heterogeneous data, provide richer features for
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complex scene parsing [12]. How to effectively leverage their data com-
plementarity for more accurate land cover classification has become a
key research direction in remote sensing image semantic segmentation.
However, MRSI semantic segmentation faces significant challenges due
to differences in feature distributions between modalities, leading to
difficulties in feature alignment during cross-modal feature fusion and
poor fusion results [13]. Therefore, establishing an efficient framework
for cross-modal feature extraction and fusion has become a critical
technology to break through the current bottleneck in MRSI semantic
segmentation development [14].

The core of multimodal data fusion lies in extracting features from
different modalities and using effective methods for fusion. In terms
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of feature extraction, existing networks often directly transfer pre-
trained model encoders to enhance their feature extraction capabili-
ties. Regarding fusion, current networks generally align and then fuse
features using convolutional neural network (CNN)-based [15-19] or
transformer-based [20-23] architectures. Numerous multimodal fusion
methods have been developed for natural image segmentation. For
example, Hazirbas et al. [17] proposed a dual-branch ResNet [24] for
feature extraction combined with a convolution-based fusion network,
and Chen et al. [17] introduced a dual-branch ResNet for feature ex-
traction combined with a CNN-based attention fusion network, both of
which demonstrated excellent performance in multimodal data segmen-
tation for natural scenes. However, remote sensing images suffer from
significant inter-modal distribution discrepancies caused by varying
sensor parameters and imaging conditions, and intra-modal land cover
features display pronounced multi-scale characteristics; these proper-
ties contrast markedly with natural-scene distributions [25], motivating
the development of multimodal fusion methods tailored to the specific
characteristics of MRSI.

In current remote sensing image semantic segmentation methods,
visual foundation models (VFMs) such as ResNet [24] and ViT [26]
are widely employed as encoders. However, owing to the poor adapt-
ability of these natural-image pre-trained VFMs to remote sensing
tasks, recent studies have trained VFMs on large-scale remote sensing
datasets [27-30]. To effectively apply these visual models to down-
stream segmentation tasks, traditional approaches typically rely on full
fine-tuning of all parameters [31], which demands substantial computa-
tional resources and dramatically increases training cost. Moreover, full
fine-tuning often leads to the problem of catastrophic forgetting [32],
where the network, during transfer learning, overwrites previously
acquired knowledge while adapting to the new task. This may result
in over-optimization toward the new objective, causing degraded per-
formance on the original task and suboptimal results on the new one.
Consequently, various parameter-efficient fine-tuning (PEFT) strate-
gies have been proposed in recent years [31,33-36], which adapt the
model to downstream tasks by freezing subsets of trainable parameters,
thereby reducing computational overhead while retaining and lever-
aging the rich feature representations learned by the VFM. Existing
PEFT studies for image segmentation (e.g., [31,37]) are mostly lim-
ited to the original LoRA formulation or to adapter-based approaches
that require additional architectural modules; consequently, developing
PEFT methods that yield stronger adaptability with fewer trainable
parameters remains an important research direction. In addition, most
current VFMs are pre-trained exclusively on red-green-blue (RGB) opti-
cal images [38,39], raising the question of how to effectively leverage
such VFMs for MRSL. Given these limitations, it is necessary to employ
more effective PEFT methods for training VFMs in MRSI semantic
segmentation so as to exploit their powerful representational capacity
for feature extraction.

On the other hand, VFMs with greater representational capacity
are mostly transformer-based, which incurs high computational cost
when used for feature extraction in MRSI semantic segmentation and
thus motivates the design of more efficient multimodal fusion meth-
ods. Existing fusion approaches have notable shortcomings: CNN-based
fusion struggles to capture long-range inter-modal dependencies due
to a limited receptive field, while transformer-based fusion suffers
from high computational complexity and large parameter counts that
impede inference speed. Compared with CNNs, Graph Convolutional
Networks (GCNs) effectively capture relationships between nodes and
enable global contextual interaction via efficient information propa-
gation [13,40]. Relative to transformers, GCNs offer lower parameter
overhead and faster computation while still supporting rich feature
interaction, making them an attractive choice for efficient fusion of
MRSI information.

To further enhance the multimodal adaptability of VFMs and to
address limitations such as the inability of CNN-based fusion meth-
ods to capture long-range inter-modal dependencies and the excessive

computational complexity of transformer-based fusion, this paper pro-
poses DLGCNet, a multimodal segmentation network incorporating a
dual diagonal low-rank adaptation (D?LoRA) framework and a graph
convolutional feature fusion (GCFF) module. The contributions of this
work are summarized as follows:

1. To further enhance the adaptability of VFMs, we propose D>LoRA,
which applies two additional trainable diagonal matrices to per-
form row- and column-wise transformations of the low-rank-
adapted weight matrix, thereby strengthening the VFM’s ability
to accommodate new data distributions. We apply D2>LoRA during
VFM training, and the resulting encoder demonstrates superior
feature extraction capability.

2. To further improve multimodal fusion efficiency, we propose
GCFF, which rapidly computes the graph Laplacian via inner
products of channel-compressed modality features to effectively
establish long-range inter-modal dependencies. Compared with
transformer-based fusion, GCFF enables more efficient cross-
modal integration and thereby improves segmentation perfor-
mance.

3. We validate DLGCNet on three MRSI datasets—each comprising
optical imagery paired with either Digital Surface Model (DSM)
or Synthetic Aperture Radar (SAR) data. Experimental results
demonstrate that DLGCNet significantly outperforms state-of-the-
art (SOTA) MRSI segmentation methods.

The remainder of this paper is organized as follows. Section 2
reviews the related work on MRSI semantic segmentation and PEFT
of foundation models. Section 3 describes the overall architecture of
DLGCNet and presents flowcharts for D2LoRA and GCFF. Section 4
reports extensive experiments and provides corresponding analyses.
Finally, Section 5 concludes the paper and discusses directions for
future work.

2. Related work
2.1. Semantic segmentation of remote sensing images

Semantic segmentation is crucial for the interpretation of remote
sensing images, and many well-known CNNs have been widely adopted
as benchmarks for segmentation tasks [41-43]. However, due to the
limited receptive field of CNNs, and the unique characteristics of re-
mote sensing images — such as diverse spatial relationships, complex
textures, and highly variable shapes — segmentation methods developed
for natural images cannot be directly transferred to the remote sensing
field [44]. To address this, researchers have worked to improve seman-
tic segmentation methods by tackling both the architectural limitations
of CNNs and the distinctive features of remote sensing images. Li
et al. [45] proposed a dual-attention CNN that efficiently enhances
spatial and contextual feature interactions. Li et al. [46] also introduced
a collaborative attention module that enables accurate spatial and
channel information interaction, effectively mitigating visual attention
bias. Although these efforts have alleviated the limited receptive field
problem to some extent, they still fall short in fully addressing the
fundamental weakness in global modeling capability. In contrast, ViT,
leveraging the global modeling strengths of the self-attention mech-
anism [47,48], have been systematically introduced into the field of
remote sensing image segmentation. Wang et al. [49] proposed trans-
former blocks with global-local attention mechanisms for the decoder,
achieving efficient visual perception of remote sensing objects. Zhang
et al. [50] employed multi-head attention mechanisms to jointly learn
from pixel-level and coordinate information, thereby enhancing the
robustness of extracted features. However, single-modality remote sens-
ing image semantic segmentation methods are difficult to directly apply
to MRSI, as they are unable to effectively leverage complementary
information from multiple modalities for improved remote sensing
image interpretation.
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2.2. Multimodal semantic segmentation for remote sensing images

Most MRSI fusion approaches are based on CNN or transformer ar-
chitectures, aligning features across modalities to fully exploit comple-
mentary information. Depending on the fusion stage, three main strate-
gies are used: data-level, feature-level, and decision-level fusion. Specif-
ically, Diakogiannis et al. [15] concatenated RGB optical and DSM
images before network input, enabling direct segmentation via data-
level fusion. Feature-level fusion methods typically employ separate
encoders to extract features from each modality prior to integration; for
example, Ma et al. [21] leveraged a transformer’s cross-attention and
channel-attention mechanisms for feature-level fusion. Ma et al. [23]
proposed a multi-stage fusion scheme combining CNNs and ViTs with
cross-attention for deep feature integration; Yan et al. [51] built a dual-
branch Swin Transformer network and fused multimodal features via
a depth-aware module, followed by an multi-layer perceptron (MLP)
decoder to refine segmentation; Ni et al. [52] employed a Mamba-based
feature extraction and fusion scheme to balance fusion speed and ac-
curacy. Decision-level fusion uses multiple encoder—decoder streams to
segment each modality independently before merging their outputs—
for instance, Hosseinpour et al. [53] introduced a gated fusion module
to effectively combine two modalities’ features and achieved high-
precision building extraction through multi-level feature fusion and
a residual depthwise separable convolution (DSC) decoder. However,
these fusion schemes predominantly rely on CNN or transformer ar-
chitectures, the former being constrained by limited receptive fields
that impede the capture of long-range inter-modal dependencies, while
the latter suffering from excessive computational complexity that leads
to prolonged fusion times. Therefore, a more efficient fusion strategy
is required to establish long-range contextual relationships between
modalities under reduced computational complexity.

2.3. Parameter-efficient fine-tuning

Current multimodal feature extraction methods seek to capture
richer representations and therefore typically employ VFM encoders
for feature extraction [54]. However, VFMs often exhibit poor adapt-
ability and degraded performance when fully fine-tuned. Consequently,
PEFT techniques have been adopted to mitigate this issue. PEFT tech-
niques for VFMs fall into two main categories: LoRA and adapter-based
methods. LoRA methods introduce trainable low-rank matrices into
pre-trained VFMs to indirectly adjust model weights [34,35]; for ex-
ample, Pu et al. [55] applied a low-rank approximation adaptation
to update VFM weights and enhance feature extraction on remote
sensing imagery, while Lu et al. [56] improved encoder adaptabil-
ity by stacking multiple low-rank matrices within the VFM’s linear
layers. Adapter-based approaches insert lightweight networks into the
VFM to enable rapid task-specific adaptation: Chen et al. [31] first
integrated MLP-based adapters into VFMs for downstream tasks, and
Zhou et al. [57] employed convolutional adapters in both attention and
MLP modules of the VFM encoder to preserve high-frequency feature
representations. Ma et al. [37] proposed MMLoRA and MMAdapter to
efficiently fine-tune the SAM and, notably, were the first to leverage
SAM'’s representational capacity for MRSI segmentation. However, most
existing PEFT methods are derived from the original LoRA and Adapter
paradigms [37,58-60] and do not leverage an even smaller parameter
budget to further enhance VFM adaptability and enable more efficient
training, thereby improving VFMs’ multimodal feature extraction capa-
bility. Consequently, there is a need to develop more effective PEFT
techniques to enhance VFMs’ adaptability to MRSI.

3. Proposed method
3.1. Multimodal encoder

To further enhance VFMs’ adaptability to MRSI and to address
limitations such as VFMs’ restricted modality adaptation, the inability

of CNN-based fusion to capture long-range inter-modal dependencies,
and the excessive computational complexity of transformer-based fu-
sion, we propose DLGCNet, whose architecture is shown in Fig. 1. For
MRSI fusion, we first perform feature extraction on each modality.
Existing methods typically employ separate ResNet encoders for dif-
ferent modalities, but their inherently local receptive fields hinder the
modeling of long-range dependencies; furthermore, VFMs pre-trained
solely on RGB optical imagery fail to learn the complementary in-
formation present in other modalities, severely limiting performance
in MRSI semantic segmentation. To overcome these limitations, we
adopt the MTP encoder [30] - a transformer-based VFM specialized for
remote sensing [61] — and optimize its training via D’LoRA, thereby
preserving pre-trained priors while enhancing adaptability to diverse
datasets. Additionally, we employ DSC blocks to encode features from
the DSM (SAR) modality, and then progressively fuse these heteroge-
neous features into the VFM encoder via the multimodal feature injec-
tors (MFIs), ultimately generating cross-modal complementary repre-
sentations. Specifically, the optical-modality image input to the VFM
encoder is denoted as Xy € R X3, First, Xy, is flattened via Patch
Embedding to yield a feature map Xy, € R"/16xw/16x768 '\where h and
w denote the image height and width, respectively. This is followed
by four MTP blocks that extract features while keeping both spatial
resolution and channel number constant. Each MTP block comprises
three transformer blocks, each with 12 attention heads: the first two
employ shifted window multi-head self-attention with a window size
of 7, whereas the third uses global multi-head self-attention. During
training of the VFM encoder, the proposed D?LoRA is applied to further
improve the encoder’s adaptability to MRSI.

Given the substantial domain gap between DSM (or SAR) imagery
and natural images, and to facilitate efficient extraction of DSM/SAR
features, the DSM (or SAR) encoder does not employ a pre-trained back-
bone; instead, feature extraction is performed using DSC blocks [62].
For the DSM (SAR) modality, the input image is denoted as Xpgy €
RMwx1 - which is processed by the DSC block shown in Fig. 2(a) to
yield a feature map Xp, € RM/#w/4X128 In each DSC block i (i =
I,...,4), a DSC with kernel size 3 and channel expansion factor of 2
initially projects the features into a higher-dimensional space; following
activation, a second DSC with kernel size 3 further enhances nonlinear
transformation. Finally, batch normalization (BN) and ReLU activation
functions are applied, and a residual connection [24] is employed to
improve training stability. By stacking modules composed of DSCs, the
network can rapidly and effectively capture the complex land-cover
features present in DSM (SAR) imagery.

To address VFMs’ limited multimodal adaptability, we implement
the fusion structures from [16,23] as the MFI: a squeeze-and-excitation
channel-attention module [63] that compresses and injects dual-
modality features into the VFM encoder to enhance its MRSI feature
representations. The architecture is shown in Fig. 2(b). In the MFIL in-
put feature maps are Xv; € R/16xw/16x768 and X, € RA/YH xw/2HXC;
for j = 1,...,4. MFI first applies a Conv-BN-ReLU layer to match the
spatial resolution and channel dimensionality of the DSM (SAR) feature
map to those of Xy;, yielding X},, € R"/16w/16<768, The two feature
maps are then fed into separate SE attention modules to enhance cross-
modal land cover feature representations and suppress channel-wise
noise. The specific formulation is given by:

SE(X) = og(Conv,y (6g(GP(X)))) « X 6

Xg; =SE(Xy,) + SE(X,’)J.) @)

where GP denotes the global average pooling operator, oy represents
the ReLU activation function, og indicates the Sigmoid activation func-
tion, Xp; denotes the fused feature, « signifies channel-wise multipli-
cation. After injecting multimodal features via the MFI, fused features
are fed into the next MTP block, enabling the VFM to incorporate
additional modality information for contextual feature extraction in
MRSLI. Simultaneously, X§; is propagated via skip connections into the
decoder composed of DSC blocks to preserve the multiscale spatial
information of the MRSI.
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Fig. 3. Flowchart of the D>LoRA. The two diagonal matrices are initialized as
identity matrices, ensuring that the VFM encoder’s outputs in the first iteration
are identical to those obtained without applying D?LoRA.

3.2. D’LoRA

Current MRSI semantic segmentation approaches commonly uti-
lize VFMs as feature encoders and rely on full-parameter fine-tuning
strategies for model optimization. However, this paradigm carries a

significant risk of knowledge degradation. Specifically, when labeled
data for downstream tasks is limited, full-parameter fine-tuning tends
to make the model overly sensitive to training noise, thereby weakening
the general feature representations acquired during VFM pre-training
and reducing its ability to encode complex MRSI features. To further
enhance the adaptability of VFMs to MRSI, we develop D2LoRA to
perform PEFT of the VFM encoder, thereby improving its feature ex-
traction capability for heterogeneous MRSI modalities. As illustrated
in Fig. 3, D?LoRA restricts the optimization to a subspace defined
by diagonal and low-rank matrices, enabling efficient adaptation to
downstream tasks without compromising the VFM’s inherent feature
extraction capabilities. The proposed D’LoRA extends LoRA by intro-
ducing two additional trainable diagonal matrices W, € RY*¢ and
W, € RF, which left- and right-multiply the original low-rank-
adapted weight matrix (W +«BA) (with W € R?¥X), respectively. This
modification enhances the network’s adaptability to the complex and
highly variable features present in MRSI. During backpropagation, the
pre-trained weights are frozen and only the small set of parameters is
updated, enabling efficient training with minimal parameter overhead.
The D?LoRA computation is given as follows:

W' =W, (W +aBAW, 3)
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where B € R and A € R™ multiply to produce a rank r matrix.
The scalar « is a stability parameter for training, typically set to 1. In
the MTP encoder’s MTP block used in this work, D>LoRA is applied to
all linear layers, as illustrated in Fig. 4. The D?LoRA-augmented linear
layers include the three projection layers (query, key, and value) in
the multi-head attention module and the two linear layers in the feed-
forward MLP. The single-head self-attention with D>LoRA in the MTP
block is given by the following equations:

[0.K.V]=LN(X)[W,,. W' W] ©)]

Z = X +softmax(QT ' /y/m)V (5)

where W/, € R778 W’ e R77%8 and Wi, e R75*768 are the
weight matrices that project the input sequence into the query, key, and
value matrices, respectively, and all three are trained using D?LoRA.
LN(-) denotes layer normalization, (-)" indicates matrix transpose, and
m is the normalization factor. Each MTP block also includes an MLP to
enhance the model’s nonlinear representational capacity; accordingly,
the MLP within each block is likewise trained with D2LoRA. The output
of the MTP block is then computed as follows:

Y =Z+0g(ZW Wi, ©)

where o denotes the GELU activation function, and W, € R768x3072
and W7, € R3072768 are the MLP weight matrices trained via D2LoRA.
By applying the proposed D?LoRA to perform PEFT on all linear layers
of the MTP encoder, the degradation of the multimodal encoder’s fea-
ture extraction capability is alleviated, enabling it to more effectively
extract features from MRSIL

3.3. GCFF

Due to the inherent heterogeneity of MRSI, significant discrepan-
cies exist between feature distributions of different modalities. Con-
sequently, conventional fusion operations, such as element-wise ad-
dition or concatenation, fail to achieve effective cross-modal integra-
tion. Among current approaches, CNN-based fusion is constrained by
limited receptive fields and thus cannot capture long-range depen-
dencies across modalities, whereas transformer-based fusion suffers
from high computational complexity that slows inference and increases
resource consumption. To address these limitations, we propose a
graph-convolutional feature fusion method (FGCN), illustrated in Fig.
5. By modeling cross-modal feature interactions with a graph structure,
FGCN preserves global context modeling capability while effectively
fusing different modalities with lower computational complexity than
transformer-based methods. In the proposed FGCN, the input feature
maps comprise the optical modality feature map X, € R"/10xw/16x768
and the DSM (SAR) modality feature map Xp, € RA/10xw/16x1024
Each is first passed through a convolutional layer to produce X}, €
RA/32w/3>S12 and X[, € RM3>w/32512 thereby aligning both spa-
tial resolution and channel dimensionality. Feature alignment between
these representations is then used to construct the graph Laplacian. As-
suming fusion of the DSM modality into the optical modality, let X , €

W
______ G X

® ‘Multiplication

P :Addition

N :Normalization

Fig. 5. Flowchart of the FGCN.

x2 x2 x2
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Fig. 6. Flowchart of the GCFF method.

RA/32xw[32512 denote the optical features and X € R/32xw/32512 the
DSM (SAR) features. The graph Laplacian is computed as follows:

Lg = ox(X ,W ,)Diag(cg(GP(X s W p)or(X ;W )7 %)

di=Y a; ®)
J

Lg=I-D'?LgD™'/? ©)

where matrices W, € R32*K and W, € R'>¥K are linear layers
initialized with Kaiming uniform initialization and Diag(-) denotes
a diagonal matrix with the input vector as its diagonal elements.
I e RMw/1024xhw/1024 g the jdentity matrix used to introduce resid-
ual connections. D € RMw/1024xhw/1024 j5 5 diagonal matrix whose
diagonal elements d;; represent the sum of the ith row or column,
and D1/ e Rhw/1024xhw/1024 i 3 normalization matrix, where (-)~1/2
denotes element-wise square root after matrix inversion. In this study,
global average pooling is applied to compress the feature representation
of Xp, and W is used to reduce its channel dimension to K. Subse-
quently, channel-wise correlation between the two modalities is com-
puted to enable efficient alignment and fusion of their features. After
computing the normalized graph Laplacian Lg € R#w/1024xhw/1024  the
feature X , is reshaped into graph nodes X € R"/1024512 'which are
then processed through a graph convolution operation as formulated
below to effectively integrate multimodal feature information:

Xp = op(LgXgWq) (10)

where W € R32512 denotes the linear transformation matrix for
graph node features and is initialized using Kaiming uniform ini-
tialization. Compared with transformer-based fusion methods, FGCN
maintains low computational complexity by employing a small channel
dimension K, while dynamically modulating the graph Laplacian of
modality A through inner products with the node features of modality
B. This dynamic neighborhood-weighted aggregation mechanism en-
ables substantially greater spatial-dimensional fusion of features across
modalities under a low computational budget. To enable deeper fusion
of complex remote sensing objects across significantly different modal-
ities, we adopt the process illustrated in Fig. 6. Specifically, features
from the two modalities are first independently enhanced using sepa-
rate FGCN modules to strengthen their semantic representations. Subse-
quently, two additional FGCN modules are employed to perform cross-
modal feature fusion. After this enhancement—fusion—enhancement pro-
cess for MRSI features, the fused representations are integrated through
element-wise addition.
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Table 1

Comparative experimental results on the Potsdam dataset.
Methods ToU (%) mloU (%) mF1 (%) OA (%)

ImSur. Buil. LowVe. Tree Car

ABCNet [45] 84.86 88.69 71.52 73.87 88.04 81.40 89.56 87.94
PSPNet [43] 86.96 92.90 75.72 78.04 92.41 85.21 91.85 90.16
TransUNet [47] 87.02 90.74 73.97 77.14 90.09 83.79 91.02 89.54
UNetFormer [49] 87.03 92.21 75.33 78.66 92.18 85.09 91.79 90.19
FuseNet [19] 86.42 93.65 73.76 75.65 87.22 83.34 90.73 89.52
vFuseNet [18] 86.68 93.99 74.80 77.87 89.40 84.55 91.46 89.94
ESANet [16] 87.24 92.94 75.35 78.30 90.31 84.83 91.64 90.27
SA-GATE [17] 85.59 92.90 73.43 78.02 91.02 84.19 91.24 89.34
CMFNet [21] 87.32 93.00 75.09 78.20 90.47 84.81 91.63 90.33
FTransUNet [23] 88.20 94.07 75.73 78.21 90.82 85.41 91.97 90.59
MEFNet [37] 88.64 94.07 75.77 79.08 90.41 85.59 92.08 90.66
Mul-VMamba [52] 87.54 94.03 74.93 77.35 89.64 84.70 91.54 90.17
DLGCNet (Ours) 89.50 95.03 76.62 79.72 93.69 86.91 92.83 91.47

4. Experiments result
4.1. Datasets

To evaluate the effectiveness and generalization capability of DL-
GCNet, experiments are conducted on the Potsdam, Vaihingen [64],
and WHU-OPT-SAR [65] datasets. The Potsdam and Vaihingen datasets
comprise the following classes: Impervious Surface (ImSur.), Building
(Buil.), Low Vegetation (LowVe.), Tree, Car, and Clutter. The WHU-
OPT-SAR dataset includes: Farmland (Farml.), City, Village (Villa.),
Water, Forest (Fores.), Road, and Other.

The Potsdam dataset comprises high-resolution remote sensing im-
agery acquired over the Potsdam, Germany. It consists of 38 ortho-
rectified images of size 6000 x 6000 pixels, each accompanied by a
normalized DSM (nDSM), all at a spatial resolution of 5 cm. In this
study, each pair of RGB optical image and its corresponding nDSM
(SAR) was cropped into tiles of 512 x 512 pixels. Of the 38 multimodal
image pairs, 32 were used for training and the remaining 6 for testing.

The Vaihingen dataset comprises high-resolution remote sensing
imagery acquired over Vaihingen, Germany. It contains 33 ortho-
rectified images with an average size of approximately 2000 x 2500
pixels, each accompanied by a DSM at a spatial resolution of 9 cm.
Of the 33 multimodal image pairs, 28 were used for training and the
remaining 5 for testing.

The WHU-OPT-SAR dataset’s optical and SAR images are provided
by the Gaofen Hub Center of Hubei Province. It contains 100 image
pairs of approximately 5500 x 3700 pixels. The optical images were
acquired by the GF-1 satellite, and the SAR images by the GF-3 satellite.
Of the 100 multimodal image pairs, 80 were used for training and 20
for testing.

4.2. Evaluation metrics

This study employs several metrics to evaluate the performance of
MRSI semantic segmentation, namely Intersection over Union (IoU),
mean IoU (mloU), mean F1 score (mF1), and Overall Accuracy (OA).
The computation of each metric follows the definitions in [23,46]. OA
is computed as follows:

TP + TN
TP + FP + TN + FN
where TP, TN, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively. For each non-background
class n in datasets, the class-specific Precision, and Recall, are defined
as follows:

OA = (€8]

TP
Precision, = ———— (12)
TP, + FP,
TP
I =—"1_ 1
Recall,, T T FN, 13)

IoU, computes the intersection over union for a single class, more
directly reflecting its segmentation quality, whereas F1, serves as a
comprehensive measure combining Precision, and Recall,.

TP,
IoU, = ——"*—— 14
TP, + FP, + FN,

Fl = 2x Precision,, x Recall,, as)
"~ ~" Precision, + Recall,

The corresponding mloU and mF1 are defined as the mean IoU and

mean F1, respectively, calculated over all classes excluding the back-

ground.
4.3. Implementation details

The experiments were conducted on a workstation equipped with
an NVIDIA RTX 3060 GPU, an Intel Core i7-12700F CPU, and 32 GB
of RAM, using PyTorch 2.2.1 and CUDA 11.8. Data augmentation
techniques included random flipping, random brightness adjustment,
and random contrast adjustment. Both DLGCNet and all comparison
models were trained with the AdamW optimizer, an initial learning
rate of 1x10™%, momentum parameters §; = 0.9 and f, = 0.999, and
a weight decay of 2 x 107>, Training proceeded for 50 epochs under a
cosine annealing learning rate schedule. The rank of D>LoRA followed
the configuration in [33], with r = 4 and « = 1, while the GCFF module
employed K = 64 channels. The loss function was the sum of cross-
entropy and Dice losses. Both training and testing batch sizes were
set to 4. More detailed experimental settings follow those described
in [49].

4.4. Comparative experiments

4.4.1. MRSI segmentation comparative analysis of the Potsdam dataset
Table 1 presents the quantitative results on the Potsdam dataset, and
Fig. 7 shows the corresponding qualitative segmentation maps. The first
four rows report the performance of single-modality (optical) baseline
models, while the remaining entries correspond to multimodal methods
using MRSI. Table 1 shows that the proposed DLGCNet outperforms the
SOTA across overall evaluation metrics: specifically, DLGCNet achieves
a mloU that is 1.32% higher than SOTA, a mF1 that is 0.75% higher,
and an OA that is 0.81% higher. Additionally, DLGCNet attains the
highest IoU for every class. Notably, it delivers exceptional results on
the highly sensitive Building, Tree, and Car categories—thanks to the
DSM’s height information, the strong feature extraction capability of
the multimodal encoder, and the efficient MRSI feature fusion provided
by GCFF. In summary, DLGCNet enhances both feature extraction and
fusion on the Potsdam dataset, yielding superior overall performance
across all classes. The visualizations in Fig. 7 further confirm that
DLGCNet’s predictions align closely with the ground truth (GT). Taken
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Fig. 7. Visualization of comparative experimental results on the Potsdam dataset. Purple boxes highlight the differences among the subfigures.

together, Table 1 and Fig. 7 clearly show that networks leveraging MRSI
outperform those relying solely on optical imagery.

Although most multimodal models in the experiments employ dual
ResNet backbones for feature extraction, their limited adaptability to
new data hinders segmentation performance improvement. In contrast,
DLGCNet uses a multimodal encoder with D2LoRA, into which the
MFI injects complementary modality features to leverage the VFM’s
prior knowledge for MRSI feature extraction. This design enables the
model to capture complex contextual dependencies within MRSI. More-
over, owing to the feature-alignment fusion mechanism of GCFF, the
modality-specific features extracted by the encoder can efficiently es-
tablish long-range inter-modal dependencies, yielding fully integrated
outputs and superior segmentation performance.

4.4.2. MRSI segmentation comparative analysis of the Vaihingen dataset

Table 2 presents the comparative evaluation results on the Vaihin-
gen dataset, and Fig. 8 shows the corresponding visual segmentation
outputs. As shown in Table 2, the proposed DLGCNet outperforms most
competing models overall: its mIoU is 1.10% higher, its mF1 is 0.64%
higher, and its OA is 0.17% higher than those of the best-performing
model. Some class-level IoU scores do not reach their maxima; this
is likely because the backbone MTP was pre-trained on RGB optical
imagery, whereas the Vaihingen dataset uses IRRG optical images,
yielding a larger domain gap that makes adaptation to IRRG more
challenging. Even so, DLGCNet still achieves strong overall perfor-
mance, delivering competitive IoU across all classes. The segmentation
visualizations in Fig. 8 further demonstrate that DLGCNet’s predictions
align closely with the GT. Taken together, the results in Table 2 and
Fig. 8 are consistent with the findings from our earlier comparative
experiments, yielding similar conclusions regarding the effectiveness of
MRSI segmentation.

4.4.3. MRSI segmentation comparative analysis of the WHU-OPT-SAR
dataset

Table 3 presents the comparative evaluation results on the WHU-
OPT-SAR dataset, while Fig. 9 shows the corresponding visual seg-
mentation outputs. As shown in Table 3, the proposed DLGCNet out-
performs SOTA overall: its mIoU is 2.11% higher, its mF1 is 1.95%
higher, and its OA is 0.60% higher than SOTA. DLGCNet achieves the
best performance across all classes and exhibits particularly marked
improvements on the Village, Water, and Road categories. This su-
perior performance on these classes is attributable to their distinct
SAR backscatter characteristics, which make them more readily distin-
guishable in SAR imagery. The segmentation visualizations in Fig. 9

further confirm that DLGCNet’s predictions closely match the GT. Taken
together, the results in Table 3 and Fig. 9 are consistent with our pre-
vious comparative experiments, yielding similar conclusions regarding
the efficacy of DLGCNet for MRSI segmentation.

4.5. Ablation experiments

4.5.1. Ablation study of different pre-trained backbones

To investigate the impact of different encoders on DLGCNet’s seg-
mentation performance, we design a corresponding ablation study. In
this experiment, three alternative encoders are compared against the
MTP: ResNet [24], ViT [26], and SegFormer [48]. Specifically, we
employ ResNet-101, ViT-Base, and MiT-B2 as backbones. Furthermore,
to demonstrate D>LoRA’s effectiveness in enhancing encoder adapt-
ability, D?LoRA is additionally applied for PEFT to ViT and MTP;
the remaining backbones are trained with full-parameter fine-tuning.
The segmentation results presented in Table 4 reveal that ResNet-101
achieves relatively strong performance; however, its limited receptive
field impairs its ability to model global contextual information, result-
ing in inferior segmentation accuracy compared to the encoders with
D2LoRA. The results of the ViT-Base, MiT-B2, and MTP-Base without
D2LoRA are inferior to those of the fully fine-tuned ResNet-101, in-
dicating that transformer-based encoders exhibit limited adaptability
under full-parameter fine-tuning, which consequently leads to inferior
segmentation performance. By contrast, DLGCNet achieves superior
performance when employing the MTP encoder with D2LoRA. This
is because the MTP encoder with D?LoRA freezes the backbone pa-
rameters while introducing trainable low-rank matrices and diagonal
matrices, thereby enhancing the adaptability of the VFM. As a result,
the proposed model attains SOTA accuracy in the MRSI semantic seg-
mentation task. Furthermore, comparing ViT-Base and MTP-Base with
and without D®LoRA confirms that D2LoRA substantially enhances each
encoder’s adaptability to downstream data, leading to improved seg-
mentation accuracy and demonstrating its potential applicability across
a wide range of VFMs. In summary, this ablation study shows that
the D?LoRA-trained MTP encoder used in DLGCNet outperforms other
mainstream backbones and that D?LoRA effectively increases encoder
adaptability to complex land cover data, further boosting DLGCNet’s
segmentation performance on MRSI.

4.5.2. Effect of the dual diagonal matrices in D’LoRA

To investigate the influence of the dual diagonal matrices on
D?LoRA’s adaptation capability, we conduct experiments with five con-
figurations to explore the relationship between the diagonal matrices
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Table 2

Comparative experimental results on the Vaihingen dataset.
Methods IoU (%) mloU (%) mF1 (%) OA (%)

ImSur. Buil. LowVe. Tree Car

ABCNet [45] 86.44 92.54 72.61 81.33 69.11 80.41 88.88 91.13
PSPNet [43] 86.73 93.81 72.97 81.99 80.86 83.27 90.72 91.58
TransUNet [47] 87.17 92.71 74.07 82.48 78.58 83.00 90.57 91.74
UNetFormer [49] 86.38 92.72 72.34 82.04 81.71 83.04 90.59 91.30
FuseNet [19] 86.63 92.83 73.13 83.05 54.51 78.03 86.98 91.43
vFuseNet [18] 87.00 93.85 72.86 81.45 73.41 81.71 89.72 91.52
ESANet [16] 87.39 93.57 73.94 83.37 78.21 83.30 90.74 92.01
SA-GATE [17] 86.97 93.78 73.51 82.40 81.00 83.53 90.88 91.77
CMFNet [21] 87.37 93.76 73.69 82.65 78.87 83.27 90.72 91.87
FTransUNet [23] 87.95 94.96 74.83 83.01 74.56 83.06 90.55 92.35
MFNet [37] 88.07 94.31 75.12 83.85 75.29 83.33 90.73 92.42
Mul-VMamba [52] 86.70 93.244 72.65 82.32 74.00 81.78 89.78 91.45
DLGCNet (Ours) 88.37 95.35 75.15 83.50 80.79 84.63 91.52 92.59

Table 3

Comparative experimental results on the WHU-OPT-SAR dataset.
Methods IoU (%) mloU (%) mF1 (%) OA (%)

Farml. City Villa. Water Fores. Road

ABCNet [45] 65.07 55.32 44.47 61.99 81.89 33.96 57.12 71.49 82.49
PSPNet [43] 65.18 58.13 46.22 62.68 82.66 34.33 58.20 72.39 82.99
TransUNet [47] 63.91 58.31 46.70 61.61 82.16 30.12 57.14 71.34 82.60
UNetFormer [49] 65.18 58.63 46.77 62.89 82.54 35.69 58.61 72.81 83.02
FuseNet [19] 65.55 59.68 47.80 62.45 82.41 31.44 58.22 72.28 82.99
vFuseNet [18] 65.33 57.55 45.44 62.25 82.48 35.03 58.02 72.27 82.93
ESANet [16] 65.36 59.61 46.52 64.38 82.53 33.97 58.73 72.79 83.06
SA-GATE [17] 64.85 58.19 45.34 63.30 82.27 33.92 57.98 72.18 82.99
CMFNet [21] 64.97 57.87 45.48 60.47 82.26 31.22 57.04 71.30 82.74
FTransUNet [23] 63.43 59.58 45.32 62.30 81.09 32.33 57.34 71.64 81.92
MFNet [37] 65.83 58.94 47.96 65.11 82.26 32.29 58.73 72.72 83.24
Mul-VMamba [52] 64.75 58.61 47.24 64.47 81.67 33.94 58.44 72.61 82.51
DLGCNet (Ours) 66.08 61.40 48.55 65.65 83.18 40.20 60.84 74.74 83.84

and performance. Specifically, the settings were: LoRA (only the low-
rank matrix BA), Row (only W, and BA), Column (only W, and
BA), Shared (two diagonal matrices shared across layers plus BA),
and D?LoRA (separate W, W,, and BA). The results in Table 5
show that LoRA performs worst; single-direction transforms (Row or
Column) improve over LoRA but remain inferior to D’LoRA. The cross-
layer shared variant also yields suboptimal performance, indicating that
each pair of diagonal matrices should be learned independently for
the low-rank-adapted matrix in each layer. These findings demonstrate
that applying two diagonal matrices to perform row- and column-wise
transformations of the low-rank-adapted matrix enhances adaptation,

and that independently learned dual diagonals per layer provide the
greatest gains in VFM feature extraction ability and segmentation
performance.

4.5.3. Ablation study of fusion methods

To investigate the impact of different fusion methods on DLGC-
Net’s segmentation performance, we design ablation experiments and
evaluated fusion complexity using floating point operations (FLOPs),
model parameter count, and inference speed. FLOPs measure com-
putational complexity, model parameter count reflects memory re-
quirements, and inference speed assesses runtime efficiency. In this
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Table 4
Results of ablation experiments for different pre-trained backbones. Red values
denote the performance gains achieved by encoders with D?LoRA.

Table 7
Results of ablation experiments for the PEFT methods, with the mean and
standard deviation from five random runs.

Backbones mloU (%) mF1 (%) OA (%) Methods mloU (%) mF1 (%) OA (%)

ResNet-101 [24] 85.87 91.88 90.62 SAM-Adapter [31] 85.93 + 0.38 92.24 + 0.32 91.03 + 0.23
MIT-B2 [48] 85.63 92.08 90.78 LoRA [33] 85.73 + 0.37 91.88 + 0.44 90.35 + 0.49
ViT-Base [26] 85.57 91.57 90.39 AdaLoRA [34] 85.64 + 0.51 92.08 + 0.36 90.81 + 0.45
ViT-Base (D2LoRA) 86.58(+1.01) 92.66(+1.09) 91.54(+1.15) DoRA [35] 86.21 + 0.29 92.32 + 0.25 91.08 + 0.17
MTP-Base [30] 84.91 91.64 90.28 LoRA-Dash [36] 86.12 + 0.34 92.22 + 0.18 90.97 + 0.21
MTP-Base (D?LoRA) (Ours) 86.91(+1.62) 92.83(+0.97) 91.47(+1.05) D2LoRA (Ours) 86.91 + 0.31 92.83 + 0.24 91.47 + 0.20

Table 5

Effect of the dual diagonal matrices in D?LoRA.
LoRA: BA only; Row: W, with BA; Column: W,
with BA; Shared: layer-shared diagonals with BA;
D2LoRA: W, and W, with BA.

Methods mloU (%) mF1 (%) OA (%)
Full 84.91 91.64 90.28

© 7 TLoRA” ~ T 8573 ~ T 91.88 = 90.35
Row 86.60 92.66 91.15
Column 86.69 92.71 91.31
Shared 86.2 92.43 91.10
D2LoRA(Ours) 86.91 92.83 91.47

Table 6

Results of ablation experiments for different fusion methods. GCFF variants
from Eq. (7) are also evaluated: GCFF without global average pooling and
GCFF without modality B fusion.

Methods mloU (%) mF1 (%) OA (%) FLOPs(G) Parameter(M) Speed(FPS)
RGBDF [16] 85.87 91.87 89.60 98.45 92.72 16.38
FViT [23] 86.08 92.04 89.91 144.13 263.35 11.69
GCFF w/o B 85.97 91.15 90.68 99.65 97.38 15.74
GCFF w/o GP 86.26 92.38 90.91 99.80 97.90 15.67
GCFF(Ours) 86.91 92.83 91.47 99.66 97.90 15.70

experiment, two alternative fusion schemes are compared against our
GCFF: the convolution-based RGB-D Fusion (RGBDF) [16] and the
transformer-based FViT [23]. We also ablate GCFF variants in Eq. (7)
— one without global average pooling and one without the modal-
ity B branch - to assess the impact of pooling on GCFF’s fusion
performance. Table 6 shows that RGB-D Fusion yields poorer segmen-
tation results, likely because its limited receptive field weakens its
ability to model inter-modal dependencies, although it has the lowest
computational complexity and the fastest speed. FViT performs better
than RGB-D Fusion, indicating stronger fusion capability; however, its

transformer-based design has the highest computational complexity
and the slowest speed, making efficient multimodal fusion difficult. In
addition, the GCFF variant without modality B performs worse than
the proposed GCFF, because no modality fusion is applied to the graph
Laplacian, making it difficult for modality A to effectively integrate
information from modality B. In contrast, GCFF with global average
pooling achieves the best segmentation performance, indicating that
the method effectively captures long-range inter-modal dependencies
by computing correlations between different modalities from global
features. Moreover, global average pooling and a small channel re-
duction factor K keep GCFF’s computation and parameter count low,
resulting in lower computational complexity and slightly faster speed
than transformer-based fusion methods.

4.5.4. Ablation study of the PEFT methods

This section presents an evaluation of the impact of D2LoRA on
the segmentation performance of the proposed DLGCNet in comparison
with other PEFT methods, through a set of ablation experiments. In
these experiments, different PEFT techniques are applied to the multi-
modal encoder of DLGCNet to assess the effectiveness of the proposed
approach. Specifically, five ablation variants of DLGCNet are con-
structed, each employing a distinct PEFT method: SAM-Adapter [31],
LoRA [33], AdaLoRA [34], DoRA [35], and LoRA-Dash [36]. According
to the results in Table 7, SAM-Adapter, LoRA, and AdaLoRA improve
VFM adaptability to some extent, but they perform worse than D>LoRA
because they do not further adjust the low-rank-adapted matrix. DoRA
and LoRA-Dash further enhance adaptability by adjusting the low-
rank-adapted matrix through trainable vectors and task-specific direc-
tions, respectively. D?LoRA achieves the best adaptability because it
introduces two diagonal matrices that perform row- and column-wise
transformations of the low-rank-adapted matrix. The row transforma-
tion matrix W, enhances adaptation to spatial semantic information,



J. Zeng et al.

Table 8
Ablation experiment results for different modality branches across three datasets.
Datasets Modalities IoU (%) mloU (%) mF1 (%) OA (%)
ImSur. Buil. LowVe. Tree Car
RGB 87.02 90.17 75.37 78.19 93.21 84.79 91.62 89.95
Potsdam nDSM 47.01 89.12 28.52 56.21 44.49 53.07 67.22 66.23
RGB-nDSM 89.50 95.03 76.62 79.72 93.69 86.91 92.83 91.47
IRRG 88.01 94.19 79.41 82.05 81.24 83.78 91.02 91.93
Vaihingen nDSM 58.43 86.01 33.45 69.13 14.41 52.29 64.66 76.60
IRRG-nDSM 88.37 95.35 75.15 83.50 80.79 84.63 91.52 92.59
Modalities IoU (%) mloU (%) mF1 (%) OA (%)
Farml. City Villa. Water Fores. Road
RGB 63.62 59.79 46.12 62.57 80.78 34.50 57.90 72.23 81.90
WHU-OPT-SAR SAR 55.07 51.93 30.46 51.85 72.71 15.84 46.31 60.99 75.14
RGB-SAR 66.08 61.40 48.55 65.65 83.18 40.20 60.84 74.74 83.84
mloU/% and Tree classes. This is because the DSM primarily encodes height
ST AR RS e AR e A A A e AR SRR A S5 % o8 S A KR Aa A A Sk information, making vertically prominent objects more distinguish-
able; On the WHU-OPT-SAR dataset, both the SAR-only and the SAR-
§7.251 optical multimodal networks excel on the Farmland, Water, and Forest
e L classes, since SAR imagery highlights differences in surface scattering
' properties, allowing classes with distinct backscatter characteristics
86.75 - to be more readily separated. Consequently, this ablation experiment
) confirms that the dual-branch multimodal encoder in DLGCNet outper-
B e e e forms single-branch, single-modality encoders, and that incorporating
S multiple sensor modalities enhances DLGCNet’s segmentation accuracy.
B0 < mvimen s mom s monn i w1 i . 0 B e R 4.6. Analysis
85.75 4.6.1. Effect of rank r on the adaptation capability of the pre-trained
s e e e s backbone
T T T T T To investigate how the rank r affects a pre-trained backbone’s
2 4 8 16 2

Fig. 10. Effect of different r on the adaptation capability of the pre-trained
backbone.

while the column transformation matrix W, improves adaptation to
feature salience. Since MRSI exhibits large variations in spatial scale,
positional relationships, and feature diversity, VFM adaptation becomes
more difficult; the two diagonal matrices in D2LoRA help address
these characteristics and thus yield the best feature representation
performance. In summary, this ablation study shows that the proposed
D2LoRA effectively improves VFM adaptability to different data distri-
butions compared with other PEFT methods. Table 7 also demonstrates
the importance of modifying the low-rank-adapted matrix, especially
through separate row- and column-wise transformations, which better
enhance VFM feature representation for new data distributions. There-
fore, D’LoRA more effectively improves DLGCNet’s feature extraction
capability for MRSI than the other PEFT methods.

4.5.5. Ablation study on modality-specific feature extraction branches across
multiple datasets

To investigate the influence of individual modality branches on
DLGCNet’s segmentation performance, we design a series of ablation
experiments. We compare a single-modality branch network against
the dual-branch DLGCNet across all three datasets. For each dataset,
two ablation variants are constructed: one employing only the optical
modality branch, and the other using only the DSM (SAR) modal-
ity branch. The results in Table 8 for all three datasets show that
segmentation using a single-modality branch performs poorly, demon-
strating the effectiveness of our dual-branch multimodal encoder. On
the Potsdam and Vaihingen datasets, both the DSM-only and the DSM-
optical multimodal networks achieve superior results on the Building

adaptability, we conduct fine-tuning experiments using D’LoRA with
ranks r = 2,4,8, 16,32 to explore the relationship between the number
of trainable parameters and model performance. The results, presented
in Fig. 10, indicate that r = 4 yields the best segmentation performance,
while overall the choice of rank has a relatively modest effect on the
adaptation capability of the pre-trained backbone. This indicates that
D2LoRA is not highly sensitive to changes in r, and that a relatively
low rank is sufficient for effective adaptation with fewer trainable
parameters.

4.6.2. Heatmap analysis

To visualize and analyze the segmentation results of DLGCNet,
Fig. 11 presents output layer heatmaps from the baseline FTransUNet
and DLGCNet. The heatmaps show each model’s attention to multiple
land cover classes; higher activations are rendered in warmer colors
(closer to red), whereas lower activations are rendered in cooler colors
(closer to blue). We also compute the IoU between each thresholding
heatmap and the GT; values closer to 1 indicate better agreement
between the heatmap and the GT for that class. For k, and k, in all
subfigures (k = a,b, ..., f), DLGCNet exhibits more concentrated high-
confidence activations at the segmentation head and higher correlation
coefficients, indicating greater confidence and more accurate, reliable
segmentation across classes compared with FTransUNet.

4.6.3. Complexity analysis

To assess the complexity of multimodal fusion models, we evaluate
three metrics: FLOPs, model parameter count, and inference speed.
Fig. 12 visually presents the complexity analysis of mainstream multi-
modal data fusion methods evaluated in this work. The results indicate
that, despite a relatively larger parameter count, the proposed DLGC-
Net achieves comparable FLOPs and parameters to transformer-based
fusion methods such as CMFNet and FTransUNet while exhibiting
lower inference latency. This efficiency stems from DLGCNet’s use of
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Fig. 11. Heatmap visualizations. In (a), (a;)-(a;) show the optical image, the
FTransUNet output layer heatmap, the GT, and the DLGCNet output layer
heatmap, respectively; the IoU of the thresholding heatmaps is also reported
with a threshold of 0.5. (b)-(f) follow the same layout.

a lightweight DSC block for DSM (or SAR) feature extraction and
from the small channel-reduction factor K used in the GCFF mod-
ule’s graph Laplacian, which together enable efficient feature fusion.
Moreover, compared with ESANet and Mul-VMamba - lightweight
fusion networks — DLGCNet yields substantially improved segmentation
performance with only a modest increase in model complexity. Rel-
ative to the existing best-performing model MFNet, DLGCNet attains
superior segmentation accuracy under a more favorable complexity
profile. In summary, compared with transformer-based multimodal
fusion approaches, DLGCNet performs efficient MRSI feature extraction
and fusion at lower computational cost while delivering the SOTA
segmentation performance.

5. Conclusion and discussions

In this study, we develop a multimodal encoder by employing the
proposed D?LoRA for PEFT of the VFM and integrating multimodal
information via the MFI. This approach effectively preserves the prior
knowledge acquired by the VFM during pre-training and provides a
more comprehensive feature representation for MRSI. The proposed
GCFF employs effective feature-alignment fusion to overcome the lim-
itations of existing fusion approaches: conventional CNN-based fusion
methods struggle to capture long-range inter-modal dependencies, and
transformer-based fusion approaches incur high computational com-
plexity. In contrast, GCFF achieves effective cross-modal fusion with
reduced complexity. Comparative experiments demonstrate that DLGC-
Net, leveraging the synergistic interplay between feature extraction by

ESANet
—— FTransUNet
—— MFNet
—— Mul-VMamba
Ours

nFl FLOPs

Fig. 12. Complexity results of multimodal data fusion methods. In the radar
chart, superior metric values are represented closer to the outer edge.

the multimodal encoder and GCFF’s effective feature fusion, achieves
significantly superior performance on the MRSI semantic segmentation
task. Ablation studies further validate the factors contributing to this
performance improvement, and underscore the fundamental principles
and overall effectiveness of DLGCNet.
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