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Abstract: Optical and Synthetic Aperture Radar (SAR) imagery offers a wealth of complementary
information on a given target, attributable to the distinct imaging modalities of each component
image type. Thus, multimodal remote sensing data have been widely used to improve land cover
classification. However, fully integrating optical and SAR image data is not straightforward due
to the distinct distributions of their features. To this end, we propose a land cover classification
network based on multimodal feature fusion, i.e., MFFnet. We adopt a dual-stream network to extract
features from SAR and optical images, where a ResNet network is utilized to extract deep features
from optical images and PidiNet is employed to extract edge features from SAR. Simultaneously,
the iAFF feature fusion module is used to facilitate data interactions between multimodal data for
both low- and high-level features. Additionally, to enhance global feature dependency, the ASPP
module is employed to handle the interactions between high-level features. The processed high-level
features extracted from the dual-stream encoder are fused with low-level features and inputted into
the decoder to restore the dimensional feature maps, generating predicted images. Comprehensive
evaluations demonstrate that MFFnet achieves excellent performance in both qualitative and quanti-
tative assessments on the WHU-OPT-SAR dataset. Compared to the suboptimal results, our method
improves the OA and Kappa metrics by 7.7% and 11.26% on the WHU-OPT-SAR dataset, respectively.

Keywords: synthetic aperture radar; land cover classification; multimodal feature fusion

1. Introduction

Precise land cover classification data are vital for regional development, including nat-
ural resource management [1], agricultural planning [2], and change detection [3]. SAR has
gained prominence as a principal data source for numerous remote sensing applications,
owing to its remarkable penetration capabilities and capacity to measure backscattering
irrespective of weather conditions [4-7]. However, it suffers from severe speckle noise
during imaging, which cannot be easily removed and significantly distorts the edge in-
formation of images. Optical images, while capable of presenting clear edge information
during imaging, are often subject to interference from clouds, fog, or precipitation during
acquisition [8,9]. SAR and optical images complement each other in terms of edge infor-
mation. Therefore, leveraging the complementary information from multisource images
has become a major trend in improving the accuracy of remote sensing tasks, especially
for land classification tasks [10]. Liu et al. [11] employed Sentinel-2A optical imagery
and SAR to enhance the precision of land cover classification. However, limited by the
feature extraction capability of the model, it cannot effectively delineate the boundary
between the two types of land. Hong et al. [12] introduced a novel shared specific fea-
ture learning model aimed at leveraging multimodal data for land cover classification.
This model incorporates diverse data sources such as hyperspectral and SAR imagery.
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However, a notable obstacle emerges in the classification of land cover using optical and
SAR imagery, stemming from their distinct imaging modalities. This disparity results in
significant variations in data distribution, posing challenges in aligning optical and SAR
images. Feature extraction using deep networks and the effective integration of multimodal
features can effectively mitigate the problem of domain gaps. Previous studies [13,14] have
categorized the integration techniques for optical and SAR data into three primary levels:
pixel-level [15], feature-level [16], and decision-level [17]. In general, pixel-level fusion en-
tails directly overlaying optical and SAR data without the need for feature extraction from
the images. Dupas, C.A. [18] adopted the Brovey Transform and Intensity-Hue-Saturation
(IHS) methodologies to integrate SAR and multispectral images for land cover classification.
However, some research suggests that pixel-level fusion may not be suitable for optical
and SAR data due to the fundamentally distinct imaging modalities. Feature-level fusion
typically involves the incorporation of classification features that are manually crafted or
extracted using models [19]. Among the various features, texture features are predominant
and widely utilized. Texture features play a crucial role in SAR data analysis, especially in
single-polarization SAR data, as microwaves exhibit sensitivity to geometric properties of
urban land surfaces [20]. Given its theoretical feasibility and the relatively advanced state
of the technology, feature-level fusion remains predominant in existing research. Common
methodologies in feature-level fusion include Support Vector Machine [21], Random For-
est [22], and deep learning approaches. Quan et al. [23] developed a dual-stream model
utilizing feature-level fusion to enhance the effectiveness of land classification. However,
the limitations of the PCA method may result in either important features being overlooked
or the extraction of excessive redundant features of SAR, thereby reducing the accuracy
of the classification results. Zhang et al. [24] separately extracted spectral and textural
features from optical and SAR images, and augmented this with related information such
as NDVI. Subsequently, they performed object-oriented multiscale segmentation on the
fused feature images. The experimental results using an enhanced SVM model demon-
strated high classification performance. However, the approach is reliant on manually
extracted features, which limits its widespread application. Decision-level fusion entails the
classification of land cover using optical and SAR data independently, followed by making
decisions grounded on the classification outcomes derived from both sources. Decision
methods such as majority voting, entropy weighting, and Dempster—Shafer theory [25-27]
are commonly employed. Waske and Benediktsson [28] employed a decision-fusion tech-
nique grounded in Support Vector Machines (SVM) to classify both SAR and multispectral
images. However, challenges in decision-level fusion include determining which source
possesses more dependable classification results and devising strategies to merge the two
classification results.

To enhance the alignment of SAR and optical image features and ensure their compre-
hensive and efficient integration, we propose using a multimodal feature fusion network.
Research has shown that SAR imagery, by complementing textural detail information in
optical images, aids in land cover classification tasks. Furthermore, the effective interaction
between SAR and optical images compensates for their respective limitations, enabling
more proficient identification and differentiation of complex terrain types. Specifically,
we employ a dual-stream encoder, with one stream utilizing ResNet [29] to extract rich
spatial and semantic information from optical images, while the other stream leverages a
PidiNet [30] network to capture intricate texture and structural details from SAR images.
To maximize the capacity of SAR images to compensate for texture details in optical images,
both high- and low-order features are extracted from each. Feature fusion of multimodal
data is performed using the iAFF [31] module to facilitate the identification of land bound-
aries. Additionally, to tackle the challenge of recognizing complex land cover types, we
incorporate the Atrous Spatial Pyramid Pooling (ASPP) [32] module, which extracts multi-
scale contextual information from the fused high-level features. Subsequently, the fused
higher- and lower-order features are merged through channel concatenation, serving as the
input for the classification module.
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Our main contributions are as follows:

e We propose a new multimodal feature fusion network, MFFnet, which consists of a
ResNet network specializing in extracting depth features from optical images and
another network, PidiNet, for capturing fine-grained texture features of synthetic
aperture radar images.

* We employ an iterative attentional feature fusion (iAFF) module to align features
from SAR and optical images, which enables deep feature interactions by focusing on
features from different modalities in the space and channel.

*  The effectiveness and sophistication of our network is verified through extensive
comparisons with existing SAR land classification networks and multimodal land
classification networks.

The remainder of this paper is organized as follows. We present the details of each
module of the MFFnet land cover classification algorithm in Section 2. Section 3 contains
extensive experimental results and experimental discussion. The discussion is provided in
Section 4. In Section 5, we conclude our paper.

2. Methodology

Figure 1 illustrates the proposed MFFnet, employing a conventional encoder-decoder
framework for land cover classification in multimodal data. Specifically, diverse structured
dual-stream encoders are employed to extract distinctive features from multimodal data.
Subsequently, the iAFF module is utilized to amalgamate low- and high-level features of
the multimodal data, fostering profound interactions between them. To better capture
contextual information from high-level features, the ASPP module is employed for their
processing. Finally, the merged low- and high-level features are then integrated for input
into the decoder via channel concatenation. Following dimensionality reduction processing,
the ultimate prediction results are derived.

ResNet S*Layers . Traélls)l:l(‘),sed
Resnet Resnet Resnet 4 R
Residual ~~ Residual ~ ~ """ 7 Residual l
I I
v * ¥ Transposed
iAFF —> iAFF > ASPP > o—i  Conv -+
1 Frow It Fign t Restlorez
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Figure 1. Overall framework of MFFnet, which consists of a two-stream encoder with the ResNet and
PidiNet networks for feature extraction and feature fusion, and a decoder to recover features. Key
components of the model also include the iAFF and ASPP modules. The K* means that the number
of such structures is K.

2.1. Encoder Feature Extraction
2.1.1. Overview

The distinctive imaging modalities of optical and SAR images result in significant
variations in the information conveyed to each through their respective features. Optical
imagery, acquired through visible light or infrared sensors, highlights vivid color features,
enhancing target identification and classification. Nevertheless, susceptibility to shadows
or clouds impacts its reliability. Conversely, SAR images provide limited information,
predominantly comprising texture features, yet remain unaffected by adverse weather
conditions. To mitigate mutual interference, a dual-stream encoder approach is employed
for both, with ResNet and PidiNet utilized for feature extraction in the optical and SAR
domains, respectively.
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2.1.2. Optical Feature Extraction

Figure 1 illustrates the architecture of the ResNet framework, showcasing its applica-
tion in constructing ultra-deep network structures through the incorporation of residual
structures. Traditional convolutional neural networks rely on the sequential arrangement
of convolutional and downsampling layers, encountering the gradient explosion issue with
increased layer stacking. The introduction of residual structures effectively addresses these
challenges while concurrently diminishing model parameterization. Numerous empirical
studies attest to ResNet’s efficacy in optical image feature extraction. The utilization of
ResNet for extracting deep features is primarily attributed to its ability to mitigate gradi-
ent vanishing issues through residual learning, enabling the effective training of deeper
networks for enhanced feature representation. Its architecture promotes feature reuse
and optimization across layers, while consistently delivering top-tier performance across
various computer vision tasks. ResNet’s modular design and capacity to learn multi-
scale features facilitate its seamless integration into sophisticated architectures, making
it particularly advantageous for discerning intricate land classifications where a nuanced
understanding of diverse feature hierarchies is vital.

The entire ResNet functions as an autonomous branch within the MFFnet encoder,
dedicated to processing the input optical image I € R"*"W*4 and extracting corresponding
features. Specifically, the initial convolutional layer transforms the input image into a
feature map F € REXW*C_ This feature map undergoes processing through a sequence of
residual structures, culminating in the derivation of the ultimate feature map. Each residual
structure encompasses distinct convolutional layers and activation functions. With each
passage through layers of residual blocks, the dimension of the feature map undergoes
reduction, accompanied by a twofold increment in channel count.

The intricate configuration of the ResNet residual block is delineated in Figure 2.
ResNet introduces two distinctive mappings: identity mapping and residual mapping.
Identity mapping, denoted as shortcut branches, constitutes the lateral component of the
structure, while residual mapping comprises the primary component. Within the deep
ResNet architecture, three discrete convolutional layers are deployed for the principal
branch in each residual block. The initial layer employs a one-dimensional kernel size to
diminish the channel count. The second layer is tasked with reducing the dimensionality of
the input features. The third layer, employing a kernel size of 1, augments the channel count
to twice the input. In the shortcut branch, a convolutional layer is also present, reducing
the input dimension and elevating the channel count. It is imperative to emphasize that
the outputs from the trunk and shortcut branches must comprise identical shapes to
ensure seamless final integration. The comprehensive residual structure can be articulated
as follows:

Yy = H(Xp) + F(Xr, WL), Xp+1 = R(Y1) 1)

where X; and X} 1 represent the inputs and outputs of the residual structure, respectively.
F denotes the backbone function of the residual structure, H stands for the side branches of
the residual structure, and R symbolizes the final RELU function.

Z Relu 2 T Relu I Z Relu Z Relu 2 Relu
s BRIy B gRen BN, B Ry E Ry E ey,
S} o} % S} o} S
H/2*W/2%2C :I H/2*W/2%2C
. 1
LH*W*C Residual Blockl | :_ H*W*C Residual Block2 I

Figure 2. Structure of the ResNet block. On the left is the block for building a shallow network, and
on the right is the block for building a deep network. The * in the picture represents x.
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The complete formulation of ResNet aligns with the aforementioned description. The
integration of a dual-stream encoder would introduce a surplus of parameters, leading to a
notable escalation in computational complexity, especially when opting for a sophisticated
feature extractor. The efficacy of the residual structure lies in its ability to yield superior
outcomes with reduced learning requirements, thereby expediting the convergence of the
neural network. Consequently, ResNet is selected as the optical feature extractor.

2.1.3. SAR Feature Extraction

The SAR imaging mechanism inherently imparts a reduced amount of visual informa-
tion to SAR images, making it complicated to process them. Traditional feature extraction
from SAR images necessitates the utilization of a backbone network endowed with an
augmented parameter count. However, this conventional approach exacts a substantial
toll on hardware resources. In response, a straightforward, lightweight framework is
introduced, named Pixel Difference Network (PidiNet), which incorporates a form of Pixel
Difference Convolution (PDC) specifically tailored for efficient edge detection. Given the
prevalence of texture features in SAR images and the consequential surge in parameter
count facilitated by the dual-stream encoder, PidiNet aligns seamlessly with our objectives.
Multiple Pixel Difference Convolutions (PDCs) are employed to instantiate numerous PDC
blocks, constituting the backbone network for SAR branches, aligning with their optical
counterparts to complete the entire encoder.

In the Pixel Difference Convolution (PDC) methodology, conventional detectors are
integrated with CNNs, amalgamating the gradient information acquired from traditional
detectors with the semantic features extracted by CNNSs. This synergistic fusion culmi-
nates in the generation of edges characterized by both robustness and accuracy. Notably,
conventional convolution operates on feature values, while PDC is concerned with pixel
differences, as elucidated in Equation (2), below.

kexk
F=C(P,0) = L w;ep;
i=1

F=C(P,0) = ;EP w; e (pi _ p;> (2)

where w denotes the convolution weight and P = {p1, p2 ... pn} denotes the pixel value.
The Local Binary Pattern (LBP) operator serves as a tool to articulate the local texture
features inherent in an image. This method confers notable advantages, including rota-
tional and gray-scale invariance. The PDC seamlessly integrates LBP with CNN [33-35],
delineating three distinct methodologies for calculating PDC, as visually represented in

Figure 3.

W1 |[W2|W3

Convolve wal o [we

W7[W8[W9

Input feature map Output feature map
L
2 - /
prs < |

Figure 3. The evolution processes of pixel differential convolution are based on LBP. Shown from top
to bottom, they are CPDC, APDC, and RPDC.
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The computational process of APDC is delineated in Figure 4. The necessity of calcu-
lating a substantial number of pixel variances across diverse inputs leads to an augmented
volume of arithmetic operations. To mitigate the computational burden associated with
pixel pairs, the PDC layer can be transfigured into a conventional convolutional layer. The

aim with this transformation is to alleviate the computational workload, thereby enhancing
overall efficiency.

F=wy*(p1—p2) +wax(p2—p3) +ws*(p3—pe) +-.-
= (w1 —wq) xp1 + (W —wy) x p2 + (w3 —wp) * p3+ ...

" N N 3

=W *p1+Wr*p2+W3*p3+... ®)
=YW x p;

Pl—>P2—{P3 P1-P2| P2-P3|P3-P6 Wi | w2 | w3

A |

l i *

P4 | P5s | P6 |—>|P4-P1| 0 |P6-P9|—>| W4 | 0 | W6

A |

| ]

P7<1—P8<—P9 P7-P4| P8-P7|P9-P8 w7 | w8 | wo

Figure 4. The evolution and derivation process of APDC. The x in the picture represents x.

The computational process of APDC is delineated in Equation (3). The PDC module
can be transmuted into the equivalent standard convolution. This transformation modifies
the disparity between pixels into disparities between weights, yielding updated weights.
Such a modification leads to reduce computation, thereby simplifying the entire PDC. The
rationale for converting CPDC and RPDC is explicated in Equations (4) and (5), where
RPDC manifests as a convolutional layer with a kernel size of 5. The specific conversion
process is illustrated in Figure 5.

F =w;*(p1 —ps) +wax (p2—ps) + ws* (p3 —ps) +...
S Wy KPpr T Wy kP2 FWykp3+ .. Wokpg— ), Wikps
i=1.2...9 4)
=Wy xpp+Wpxpr+W3*xp3+...

= LW p;
F=wy * (p1—p7) +ws* (p3 — pg) +ws * (ps — po) + ...
:wl*p1+w2*p2+z®3*p3+... (5)
= L Wi *p;
where p; represents each pixel value in the feature map, w; represents the weight of ordinary
convolution, and @; represents the weight of the PDC.

P1 P2 | P3 P4 | P5

|

v A
pe | p7 | ps | o | pio P1-P7| P3-P8|P5-P9 wi | w2 | ws

*
— P pis-| %,
PIIP12 | P13 | Pl4<fP15 pi2 | O |pia Wa 0| We
p21- | p23- | P25-

pis| p17| pis | P19 | P20 p17 | pis | pio w7 | ws | wo

[
P21 | P22 | P23 | P24 | P25

Figure 5. The evolution and derivation process of RPDC. The * in the picture represents x.

PDC was employed to construct the comprehensive SAR branch for feature extraction
in SAR images. Each PDC block is depicted in Figure 6. In the architectural design,
PDC is incorporated with the RELU function and standard convolution. The PDC layer
encompasses multiple PDC blocks arranged in the ACR order to formulate an optimal PDC
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layer tailored for the task at hand. The SAR branch comprises five PDC layers generating
outputs aligning with those of the ResNet layer, thereby facilitating feature fusion.

Figure 6. The structural diagram of blocks and layers comprising PDC. The * in the picture represents x.

2.2. Feature Fusion Module
2.2.1. Overview

Feature fusion, in which features from diverse layers or branches are amalgamated,
has become a pervasive element in network systems. Such integration is typically accom-
plished through elementary linear operations like summation or concatenation. Remote
sensing images exhibit diminished resolution in comparison to natural images, possessing
an abundance of information but lacking the requisite level of detail for optimal consid-
eration. Concurrently, shallow features proximal to the input harbor richer position and
color information, while high-level features in close proximity to the output encapsulate
heightened semantic information. The amalgamation of these two feature types in the
ultimate feature map amplifies the model’s comprehensive understanding of the scene.

2.2.2. Cross-Modal Fusion

In the preceding formulation, we emphasized that optical images encompass visual
attributes like colors and boundaries, whereas SAR images exclusively contain texture
features. With mere feature superposition or channel splicing, dual-stream features are
inadequately integrated. The iAFF method concentrates on features from distinct modalities
across both spatial and channel dimensions and is therefore efficacious for scrutinizing
intricate scenes in remote sensing.

Introduced in the iAFF method is a multiscale channel attention module (MS-CAM),
resulting in a coherent and universal feature fusion scheme. Simultaneously, the entire
feature fusion process is implemented through iterative attention to mitigate the bottle-
neck arising from the initial integration of feature maps. The comprehensive structural
representation is illustrated in Figure 7.

.
| l I SAR OPT
| e
: GlobalAvgPooling P! C*H*W 1 C*H*Wl :
| v : : <— MS-CAM - I
: Point-wise Conv Point-wise Conv | : *(T) :
| » N
: BN{ BN{ " : \l/ :
! RELU RELU L1 YCrHEW C*H*WY |
! } ! |:®<— MS-CAM --—-»(X):
1 Point-wise Conv Point-wise Conv : I l 1
| BN BN » D |
3 SRR I
:_ +—— Sigmoid MS-CAM | y4
X

Figure 7. Complete structure of MS-CAM and iAFF. The * in the picture represents x.
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The MS-CAM extends the ParseNet paradigm of employing CNN for the spatial
integration of local and global features via attentional fusion. The mitigation of the influence
on channel scale is realized through point-by-point convolution, avoiding the necessity for
convolution kernels of diverse sizes. MS-CAM does not exclusively govern the entirety of
the fusion process, but rather focuses on local and global features.

The channel attention representation of the local features is as follows, implemented
through pointwise convolution.

Fi = BN(PConvy(R(BN(PConvy(X))))) (6)

where BN denotes batch normalization, PConv; represents pointwise convolution aimed
at decreasing the number of input channels by a factor of r, R denotes the RELU function,
and the number of channels is finally recovered by PConuv,.

Regarding global channel attention, global average pooling of the input is first per-
formed, followed by a pointwise convolution. The entire process and the final output are
represented as follows:

Fc = G(BN(PConvy(R(BN(PConvy(X)))))) (7)

where G represents the pooling operation, J represents the Sigmoid function, and @ and @
denote the corresponding element multiplication and addition, respectively.
The final output X' of MS-CAM can be expressed as follows:

X :X®(5(FL@FG) (8)

Using iAFF, the unique characteristics of various modalities are comprehensively
discerned through MS-CAM. For optical and SAR features, iAFF initially performs a simple
summation of elements. To achieve a comprehensive perception of the two feature maps,
the initial feature fusion undergoes iterative attentional fusion. Ultimately, the initially
fused features and the iteratively fused features are amalgamated to yield the conclusive
fused features. This entire process is denoted as iterative attentional feature fusion, and
depicted as follows.

Fo+Fs = M(Fp © Fs) ® Fo + (1 = M(Fp © Fs)) ® Fs )

The integration of features across the entire dual-stream network is accomplished
by iAFFE. This ensures the seamless complementarity between optical and SAR features,
leading to the generation of more resilient fusion features.

2.2.3. Multiscale Fusion

Shallow features encompass a greater number of pixel points characterized by smaller
sensory fields, capturing fine-grained global information regarding areas such as position
and color. These features excel at capturing intricate details. In contrast, deeper features
possess larger receptive fields and augmented overlapping regions, leading to the consoli-
dation of image information and the generation of more potent semantic representations.

To enhance the amalgamation of features derived from the encoder, we devised
a multiscale feature fusion strategy to ensure synergistic integration of low- and high-
level features. Initially, we designated the cross-modal fusion features extracted from the
second and fifth layers of the dual-flow encoder as F,,, and Fj;g;,. Subsequently, the ASPP
was introduced to aggregate contextual information from high features characterized by
lower resolution and a reduced perceptiveness to details. Specifically, for high features, a
3 x 3 convolution with sampling factors of 6, 12, and 18 was utilized to extract features
from distinct perceptual fields. Simultaneously, pooling and standard convolution, with
a kernel size of 1, are executed to amalgamate the channel information, as illustrated in
Figure 8. For the feature maps yielded in the five operations, identical sizes are maintained.
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Following this, splicing and convolutional dimensionality reduction are implemented to

derive the ultimate higher-order features, denoted as F,ﬁgf P,

Fﬁgs;fp = ASPP(Fyign) (10)

Ultimately, the Fj,,,, and Ff}gf P features are used sequentially as shared inputs for
the decoder.

ASPP
Fiow—nigh = concat(Fiow, Fiigy ) (11)

[ = e e e e e e e e e e ——————— -
| :
|
I 1*1Conv — Channel 1
I Concatenation |

|
: 3*3Conv 1
I rate=6 1
| ik |
1 3*3Conv 1

—_— 9—» 1*1C —_

1 rate=12 vy onv :
|
I 3*3Conv Feature Map !
I — 1
| rate=18 > 1
1 Input Atrous Spatial Pyramid Pooling !
I 1*1Pool —— | (ASPP) :
|

|

Figure 8. The structure of ASPP. The * in the picture represents x.

2.3. Decoder Feature Restoration

The decoder serves the purpose of reinstating the feature map’s dimensionality to align
with the input image. Given the low resolution in remote sensing images, the employment
of interpolating upsampling for the features can result in the loss of edge details across
various categories. To tackle this challenge, we devised an inverse convolution-based
decoding block, as delineated in Figure 9. Initially, for the input features, channels undergo
convolution through a 3 X 3 layer to evenly distribute computational load throughout
the inverse convolution process. In the second layer, the same number of channels is
preserved for a seamless transition, ultimately culminating in the restoration of the feature
map dimensions through upsampling via inverse convolution.

2 :
o o o~
=

b 2 bz = LS =2
—»cﬁ,c > rTc > :(\i‘g_p S
' & © = & © = L = = I
I = I
: |
:_ Decoder Block |

Figure 9. The flowchart of the decoder block.

For the input, the decoder engages in a quantitative prediction for each semantic
class. Presuming that this encompasses n classes for classification, the decoder obtains
semantic masks M € R"®*" for each meaningful entity, attributing n — 1 classes to
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each semantic label. Finally, the resultant semantic segmentation prediction graph can be
formally expressed as

Mpin = argmax(softmax(M,c = —1),c = —1) (12)

where ¢ = —1 denotes the execution of softmax and argmax operations in the final dimen-
sion, i.e., the channel.

3. Experiments
3.1. Training Details and Dataset

The algorithm, developed on the PyTorch (version 2.3.1) framework, converges within
60 training iterations with a maximum learning rate of 0.001, scaled down by one-tenth
every twenty rounds. Computational efficiency is enhanced by conducting experiments on
an RTX3090Ti GPU.

Given the sparsity of multimodal datasets for land cover classification datasets, we
selected a widely-used WHU-OPT-SAR(WHU) dataset [33] to showcase the performance
of the proposed algorithm. SAR images from this dataset were also utilized for unimodal
experiments, enabling comprehensive quantitative evaluation.

This dataset is the inaugural and most extensive land-use classification dataset, in-
tegrating optical and SAR images with comprehensive annotations. Covering approxi-
mately 50,000 km? in Hubei Province, China, the dataset includes SAR images measuring
5556 x 3704 pixels, as illustrated in Figure 10. The study area is characterized by a subtrop-
ical monsoon climate, encompassing altitudes that vary from a low of 50 m to a peak of
3000 m. Featuring a diverse range of topographies and vegetation, the dataset is segmented
into seven primary classes: farmland, city, village, water, forests, roads, and others. Repre-
sentative instances of these classes are depicted in Figure 11. The WHU dataset comprises a
total of 29,400 images, which were divided in our experiments into train, val, and test sets
in a ratio of 8:1:1. Specifically, the training set contained 23,520 images, while the validation
and test sets each comprised 2940 images.

75°0'0"E 90°0'0"E 105°0'0"E 120°0'0"E 135°0'0"E 111°0"0"E 114°9'0"E
Z Z
o °
o o
S B
z z 8 8
© ©
° o
n n
<+ <+
z L N\ z
[=] brasd [=]
® % 4 S % o
@ 3 3 ) o ey
A S 5
v o o
® &

75“0"0"}3 90"(;'0”12 105“6'0"}3 120“2)'0"}3 135“(')'0"E 11106'0"13 114°6'0"E

(a) (b)

Figure 10. The details of the WHU dataset. (a) Geographic location of the dataset in China. (b) Distri-
bution of images in the dataset.
3.2. Loss Function

To guarantee the convergence of the overall network training, cross-entropy is adopted
as the loss function, measuring the deviation between the model’s predicted probability
distribution and the actual distribution. Mathematically, cross-entropy can be expressed as

Loss = — ZZK yi - log(¥;) (13)

where y; represents the true probability distribution for class i, and §; represents the
predicted probability distribution for class i.
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Figure 11. Examples of classes in the WHU dataset. The upper section showcases representative
scenes from the dataset, while the lower section displays optical, near-infrared, and SAR images,
along with their respective labels.

3.3. Quantitative Analysis

To evaluate the model’s efficacy in land cover classification tasks, three widely used
metrics are adopted: Overall Accuracy (OA), Kappa Coefficient, and Intersection over
Union (IoU). OA measures the proportion of pixels correctly classified within the en-

tire dataset. TP+ TN
OA = TP F TN T FPTEN (14)

where TP, TN, FP, and FN represent True Positive, True Negative, False Positive, and
False Negative, respectively.

Kappa serves as a statistical measure to evaluate the agreement between predicted
and actual classifications based on a consideration of the potential occurrence of agreement
by chance.

(P 0 — P e)
1-P,
where Py denotes the percentage of samples correctly classified in the categories. P, repre-
sents the expected agreement probability, which is also the probability of misclassification

by a random classifier.
IoU measures the overlap between predictions and ground truth by dividing the
intersection area by the combined area.

Kappa = (15)

_ PrenGT

Tou = 5 c0aT

(16)
where Pre stands for prediction and GT signifies the true image.

The mloU is computed as the mean of the IoU by comparing each Pre with the
corresponding GT across all pixels in an image.

1
mloU = < Y Tolc (17)
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where C denotes the total count of distinct categories.

3.4. Land Cover Classification Experiments
3.4.1. Baselines

Generally, to verify the positive impact of multimodal data on feature recognition,
we first compare several unimodal semantic segmentation algorithms, with SAR images
used as input. Secondly, we perform a quantitative comparison with some other typical
multimodal algorithms to demonstrate the effectiveness of our algorithm.

Single-modal algorithms:

e SwinUnet [36]: A method utilizing a transformer architecture akin to Unet for medical
image segmentation is proposed. This methodology integrates input patches into a
transformer-based U-shaped architecture, enabling the effective capture of both local
and global features.

*  SegNet [37]: An integrated convolutional neural network framework, encompassing
an encoder-decoder architecture and culminating in a pixel-wise classification layer,
is introduced.

¢  TransUnet [38]: TransUnet presents a novel integration of transformer and U-Net
functionalities. In this approach, the transformer component processes the feature
maps encoded by a CNN as input sequences.

¢ DANet [39]: The presented methodology incorporates attention mechanisms into the
enhanced Fully Convolutional Network (FCN), enabling the modeling of semantic
dependencies across both spatial and channel dimensions.

e EncNet [40]: A context-encoding module is incorporated into the proposed approach
to capture the semantic context. Feature maps are highlighted based on class depen-
dencies, enhancing the model’s ability to discern relevant contextual information.

e Deeplabv3 [41]: DeepLabv3 is harnessed to encode intricate contextual information,
while a succinct decoder module is leveraged for precise boundary reconstruction.

Multimodal algorithms:

*  ESANet [42]: An efficient semantic segmentation method designed for multimodal
RGB images and depth images is proposed. The feature extraction and fusion of the
two inputs occur in stages within the encoder. The decoder incorporates a Multi-
Scale Supervision strategy, employing the jump-junction fusion method. Notably, all
upsampling is conducted using a learned method rather than bilinear upsampling.

* RedNet [43]: This method employs classical two-stream encoder and decoder archi-
tecture, utilizing residual blocks as fundamental building components for both the
encoder and decoder. The algorithm integrates encoder outputs and decoder outputs
through hopping connections, incorporating an Agent Block operation before each
connection layer to decrease the encoder channel size, thereby facilitating fusion.

e  TFNet [44]: TFNet is a two-stream fusion algorithm that merges data from distinct
modality domains in reconstructing images. In this method, all pooling operations
are replaced with a convolution operation. Additionally, transposed convolution is
employed for upsampling, and to maintain a symmetric structure in the encoder,
feature mapping is conducted for layers in pairs.

*  MCANet [45]: The approach is rooted in Deeplabv3, presenting a multimodal segmen-
tation algorithm utilizing optical and SAR images as input. A cross-modal attention
module is introduced to enhance and fuse features from both optical and SAR modalities.

3.4.2. Comparison Experiments

To evaluate the superiority of our multimodal algorithm over other unimodal ap-
proaches and to emphasize the positivity of multimodal data, we examined seven scenarios
for visualization and quantitative comparisons, as illustrated in Figure 12. Highlighted in
the figure are deficiencies in certain categories of unimodal algorithms, such as poor edge
continuity and significant pixel confusion, leading to numerous false predictions in water
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and other unidentified regions. The introduction of optical images enhances algorithms by
leveraging color and edge features, resulting in the improved identification of village and
water regions. Our approach demonstrates a reduction in misclassified regions, leading to
an enhancement in detection accuracy. Table 1 shows that the three main indicators—OA,
Kappa, and mloU—experience increases of at least 7%, with substantial improvements for
the two categories of water and village. Overall, our method demonstrates strong accuracy
and robustness across all categories, surpassing other unimodal algorithms.

¢ :

SAR GT DANet SegNet TransUnet ENCNet DeepLabv3 Ours

farmland -village - water forest road other

Figure 12. Land cover classification results with other single-modal algorithms on the WHU dataset.
Optical, SAR, Ground Truth, and DANet, SegNet, TransUnet, ENCNet, DeepLabv3, and our proposed
method are arranged sequentially.

Table 1. Evaluation metrics for each single-modal on the WHU dataset are presented. Bold and italic
formatting is used to denote the best and second best results, respectively.

Method OA Kappa mloU - : loU
Farmland  City Village = Water Forest Road Others

SwinUnet 70.53 57.80 34.04 56.22 30.84 32.87 32.64 77.27 6.04 242
SegNet 73.21 60.51 36.00 59.35 29.55 36.03 27.76 77.88 15.48 5.93
TransUnet 73.40 61.87 38.09 61.22 32.49 36.15 33.01 77.82 15.63 9.88
DANet 69.18 56.82 34.31 61.09 26.41 34.62 23.71 74.61 12.82 6.92
EncNet 73.67 61.73 35.34 63.72 25.33 32.88 32.46 78.70 10.67 3.64
Deeplabv3 73.59 62.33 38.44 62.46 29.01 38.76 32.67 77.96 15.43 12.82
MFFnet (our network)  81.29 73.59 50.64 61.23 34.34 49.04 73.26 82.82 24.96 28.84

To comprehensively assess the efficacy of our proposed algorithm, we undertook a
comparative study with several multimodal approaches. As shown in Figure 13, the forest
and farmland masks generated by our method demonstrate superior edge coherence and
effectively represent the challenging unknown category (others).The observed superiority
of our approach can be attributed to its capacity to effectively utilize crucial edge details
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in distinguishing forests and farmlands, irrespective of the visual properties of the optical
surface. By integrating this information at a superior level, our methodology achieves more
refined classification results. Quantitative comparisons with the multimodal algorithm are
summarized in Table 2, indicating significant improvements in various metrics. OA, Kappa,
and mloU show enhancements of 1.72%, 2.26%, and 2.23%, respectively. In particular, our
algorithm excels in terms of IoU for specific categories, including farmland (1.5%) and the
unknown category (others) (5.32%). In addition, we also measured the model computation
and parameters of the comparison experiments, as shown in Table 3, below.

Table 2. Evaluation metrics for each multimodal on the WHU dataset are presented. Bold and italic
formatting is used to denote the best and second best results, respectively.

Method OA Kappa mloU - - loU
Farmland City Village  Water  Forest Road Others
MCANet 76.64 67.27 45.07 55.15 28.34 47.49 67.86 80.19 26.35 10.12
ESANet 79.42 71.11 46.74 59.90 23.83 41.23 72.98 82.48 23.24 23.52
RedNet 79.45 71.14 48.41 58.16 34.55 50.83 71.04 82.68 2441 17.21
TFNet 79.57 71.33 47.93 59.73 38.54 50.01 70.71 81.38 18.20 16.96
MFFnet (our network) 81.29 73.59 50.64 61.23 34.34 49.04 73.26 82.82 24.96 28.84

Table 3. Results of model computation and parameter quantities for each multimodal on the
WHU dataset.

Model MCANet ESANet RedNet TFNet MFFnet (Our Network)
GFLOPs 88.69 11.52 23.30 30.90 22.95
Params/M 72.03 54.41 81.94 23.65 21.27
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Figure 13. Land cover classification results for the use of other multimodal algorithms on the WHU
dataset. Optical, SAR, Ground Truth, and the results of ESANet, RedNet, TFNet, MCANet, and our
proposed method are arranged sequentially.
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3.4.3. Ablation Experiment

To substantiate the function of the integral parts within MFFnet, we performed some
ablation experiments using the WHU dataset. Experiments were performed for each
combination of key components (i.e., PidiNet SAR image encoder, iAFF feature fusion
module, and ASPP enhancement module). Table 4 contains detailed results of the entire
ablation experiments, demonstrating that each component in the MFFnet framework
contributes positively to the final results.

The distinctive edge extraction mechanism of PidiNet significantly enhances the
metrics of land cover classification. The ASPP module effectively mitigates information
loss arising from the downscaling of high-order features and the channel alignment of
low-order features. Moreover, simple linear join operations for integrating optical and SAR
features result in challenges for peak performance. The integration of the iAFF module
demonstrates the imperative nature of cross-modal feature fusion, ensuring the optimal
alignment of metrics with the pinnacle performance of the entire network.

Table 4. Ablation experiment of the MFFNet network: v for use, x for no use. Bold indicates the
best results.

ResNet PidiNet ASPP iAFF OA Kappa mloU
v X X X 77.52 68.72 46.29
v v X X 80.46 7247 47.93
v v v X 80.50 72.58 49.26
v v v v 81.29 73.59 50.64

4. Discussion

In the pursuit of advancing land classification in remote sensing, the integration of
multimodal data, especially the synergy of SAR and optical imagery, unlocks the potential
for unprecedented accuracy and detail capture. This multidimensional approach, while
promising elevated classification accuracies, simultaneously introduces complex challenges
rooted in the fundamental disparities between the two modalities. SAR’s inherent speckle
noise, a persistent obstacle to precise feature extraction, often defeats conventional denois-
ing methods like the Lee filter, underlining the necessity for innovative solutions.

Our study rises to this challenge by harnessing the transformative power of deep
learning, which has revolutionized feature extraction across various domains. Deep neural
networks, with their hierarchical architecture, excel in distilling high-level, semantically
meaningful representations from raw data, thereby conquering the intricacies posed by
SARs’ noisy texture. By adopting a deep learning framework tailored for speckle noise sup-
pression and feature extraction, we aim to unlock SAR's full potential as a complementary
source to optical data, enriching the informational depth for land classification tasks.

However, the true prowess of multimodal data lies in their synergistic fusion, a
task fraught with subtleties. The iAFF emerges as our chosen strategy for harmoniously
integrating these disparate yet complementary streams of information. Yet, a pivotal gap in
the current research is the scarcity of rigorous assessments delineating the actual extent of
feature integration between SAR and optical modalities post-fusion.

Our approach brings advances in overcoming the limitations of previous SAR process-
ing techniques by providing a subtle understanding of multimodal feature interactions. We
delve into how our deep-learning-driven noise reduction and iAFF-based fusion strategy
contribute uniquely to the corpus of knowledge, pinpointing where our results deviate
from or align with previous studies.

5. Conclusions

In summary, our work propose MFFnet, a novel dual-stream network designed for
enhanced land cover classification using multimodal remote sensing data. By integrating
PidiNet for SAR feature extraction, we optimize texture and semantic details, while the
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innovative iAFF module facilitates the comprehensive fusion of multimodal features across
spatial and channel dimensions. Empirical validations on the WHU dataset affirm MFFnet’s
superiority, marking a significant step forward in multimodal classification capabilities.
Compared to the unimodal model, our method improves on OA and kappa, respectively, by
7.7% and 11.26% on the WHU-OPT-SAR dataset, respectively. Compared to the multimodal
model, our method improves the OA and Kappa metrics by 1.72% and 2.26% on the
WHU-OPT-SAR dataset, respectively. Notably, we recognize the limitations of SAR images
with severe speckle noise in the absence of clear optical edge information, a factor that
may affect classification accuracy. Hence, future research avenues entail the development
of advanced feature extraction methodologies tailored to SAR’s unique noise challenges,
further pushing the boundaries of multimodal remote sensing analysis.
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