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Abstract. With the development of satellite technology and airborne platforms,
there aremore andmoremethods to acquire remote sensing data. The remote sens-
ing data acquired by multiple methods contain different information and internal
structures. Nowadays, single-mode hyperspectral image (HSI) data are no longer
satisfactory for researchers’ needs. How to apply and process the information of
multimodal data poses a great challenge to researchers. In this paper, we propose
a deep learning-based network framework for multimodal remote sensing data
classification, where we construct an advanced cross-stage fusion strategy using
a fully connected network as the backbone, called CSF. Like the name implies,
CSF incorporated two separate stages of fusion strategies for moreeffective fusion
of multimodal data: fusion at the pre-structure and fusion at the tail of the net-
work. This strategy prevents the preservation of excessive redundant information
in the pre-fusion and the details of information lost due to late fusion. Moreover,
a plug-and-play cross-fusion module for CSF is implemented. On the Houston
2013 dataset, our model strategy outperformed the fusion strategy of each stage
and the single-modal strategy, which also demonstrated that multimodal feature
fusion has promising performance.

Keywords: Multi-modal · Feature Fusion · Hyperspectral Image Classification ·
Remote Sensing

1 Introduction

Compared with common RGB images, remote sensing data contains more informa-
tion. However, the more information the more troublesome it is to process. Hyperspec-
tral image is a kind of remote sensing data with a large number of spectral bands,
which is characterized by rich information and high resolution, so it is widely used
in objective detection [1], environmental exploration [2], mineral exploration [3], agri-
cultural resource survey [4] and ocean research [5]. Since it contains a large amount
of band information and the feature resemblance between adjacent bands is strong, it
largely increases the computational complexity of hyperspectral image classification.
Therefore, feature learning is needed for hyperspectral images to remove redundant
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information, reduce data dimensionality, and improve classification accuracy. However,
hyperspectral images are distorted by clouds and atmosphere, which causes significant
problems for researchers, who have to allocate a considerable amount of effort to work
on removing clouds and noise for the data, but the results are still unsatisfactory. How-
ever, Light Detection and Ranging (LiDAR) images are not affected by cloud cover and
have image features that hyperspectral images lack, for example, the height and shape
of land-covered objects. The image classification improves the classification accuracy
after fusing the features of hyperspectral images and LiDAR images.

The technology in the field of hyperspectral image classification is gradually matur-
ing. Traditionally, the main approach is feature dimensionality reduction and feature
selection for hyperspectral images. Learning the potential subspaces of hyperspectral
images or their intrinsic flow structures, and finding the information-rich bands of
hyperspectral images among the redundant bands [6]. In the domain of deep learning,
descending and feature extraction can be performed by modules such as fully connected
networks, convolutional networks and attention mechanisms, and finally image classi-
fication by logistic regression [7]. The multimodal data classification of hyperspectral
images andLiDAR images can be borrowed from the classificationmethod of hyperspec-
tral images, which is mainly studied in how to fuse the two features. This paper focuses
on the performance impact of both features on the fusion stage in a fully connected
network. Specifically, the contributions of this paper are summarized as follows.

1. Multi-modal data image classification framework dominated by fully connected
networks with advanced cross-stage fusion strategy modules is designed.

2. A plug-and-play cross-stage fusion strategy module enables more effective reduction
of redundant information while enhancing detailed information during processing of
data fusion.

The rest of this paper is presented below. In Sect. 2, related work is presented.
Section 3, presents the structure of our proposed model. Section 4, demonstrates the
experimental results and provides an analysis. Section 5, discusses the limitations of the
model and future work.

2 Related Work

2.1 Single-Modal Feature Learning

Compared with multi-modal, single-modal feature learning just requires model design
considering the characteristics of its own data. For HSI, different ground objects may
appear with the same spectral profile features; there may also be the same ground objects
with different spectral profile features. One way is to pre-process the pixel points by
extracting spatial texture information as well as morphological features to complete the
task of feature extraction, and then input the extracted information into the classifier for
classification. For example, the proposed Local binary pattern (LBP) algorithm [8] and
the LBP improved feature extraction method [9] enable such local texture methods to
be widely used. In another way, the pixel points to be classified and their neighborhood
pixel points are directly input to the classification machine, which is performed by
designing ahigh-quality and efficient classifier.Anexample is the support vectormachine
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(SVM) [10] classifier. Jia et al. [11] proposed a super pixel-level unsupervised linear
discriminant analysis framework based on gabber to extract the most informative and the
most discriminative features. These traditional methods mentioned above use manual
feature extraction to obtain image features, while spectral images are often difficult to
obtain features with high discriminative power due to interference from factors such as
cloud noise. In recent years, deep learning has become the focus of image classification
and has been widely used in the field of image classification. Hu et al. [12] argued that
the core building block of convolutional neural networks is the convolutional kernel,
which is usually viewed as an information aggregator that aggregates information on
space and information on channels over local sensory fields, so that in addition to spatial
information, channel information cannot be neglected as well. However, the low-level
features in the early stage of the neural network in [13] are rich in spatial information
but lack semantic information, while the high-level features in the later stage are rich
in semantic information but lack spatial information, but the two are isolated from each
other and difficult to fully utilize.

2.2 Multi-modal Feature Learning

In the literature [14], a three-layer point-to-pointmappingwas designed,while a point-to-
point convolutional networkwas designed as a hidden layer in order tomergemulti-scale
features between two different sources and extract deeply fused features to obtain an
accurate representation of hyperspectral image data. You et al. [15] proposed a multi-
view common component discriminant analysis to jointly deal with view differences,
discriminability and nonlinearity, mainly addressing the problem of nonlinear manifold
subspaces leading to degraded classification performance by adding supervised infor-
mation and local geometric information to the common component extraction process to
learn to obtain discriminative common subspaces and to be able to dealwith the nonlinear
structure in the obtained multi-view data. A pixel-level decision fusion method fusing
HSI and Lidar is proposed in [16]. The data are first processed using kernel principal
component analysis. Then Gabor filter is used to obtain the amplitude and phase infor-
mation, which is composed of three sets of data with the original data. Finally, inter-pixel
information is obtained by super-pixel segmentation, with which the three sets of data
are then fused for classification. In [17], a deep learning-based multimodal classification
framework is proposed, in which convolutional neural networks (CNNs) are used as
the backbone of a cross-channel reconstruction module. The cross-modal reconstruc-
tion strategy learns more compact fused representations of different data sources that
can exchange information with each other more efficiently. In [18], provides a baseline
solution for the simultaneous processing and analysis of multimodal data by developing
a generic multimodal deep learning framework. In [19], CNN net is used to learn the
spectral spatial features and the elevation information of the Lidar data. Using a com-
position of three convolutional layers, where the feature fusion is performed in the last
two layers of the convolutional network. According to the sequence of feature fusion,
these methods can be categorized as early fusion, intermediate fusion, and late fusion.
An intuitive early fusion technique is to superimpose data from multiple modalities in
the channel direction and input them to the network as 4- or 6-channel data. Marcos
et al. [20] simply combined NIR, red-green spectra, and digital surface models (DSM)
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as inputs to the network. This image-level fusion approach, by not taking full advan-
tage of the relationships between heterogeneous information, can introduce redundant
features in the training. The medium-term fusion approach, also known as hierarchical
fusion, combines feature mapping from different levels of multimodal specific encoders
and uses a single decoder to up-sample the fused features. Marmanis et al. [21] design
parallel branching networks to extract DSM data features and perform modal feature
interactions in the middle layer, but this massive structure has a large number of param-
eters, is hardware demanding, and can be time consuming in the training and inference
phases. Post-fusion approaches usually design identical networks that are first trained
individually in a specific modality and then use cascade or element-level summation to
fuse featuremappings to the end of the network, typically represented byV-FuseNet [22],
which uses two convolutional neural networks for spectral and DSM data, respectively,
and element summation fusion is performed.

3 The Proposed Method

3.1 Different Stages of Feature Fusion

In multi-modal data processing, data fusion strategy is a major problem, and different
stages of fusing features have different effects. The unprocessed HSI and LiDAR are
connected according to the spectral band dimension and input to the network for feature
extraction for processing, called early fusion.

LetX1 ∈ R
d1×N andX2 ∈ R

d2×N denotemultimodal datawithd1 andd2 dimensions,
N denote the number of samples, where x1,i denotes the i-th sample in theX1 modal data.
Let Y ∈ R

C×N denote the same label information shared by multimodal data, with C
categories and N samples, which is the one-hot code label matrix. With the definition as
above, the input for early fusion can be expressed as xi = [

x1,i, x2,i
]
, i = 1, ...,N . The

fused features are input to the fully connected network for processing, and the output of
the l-th layer can be denoted as

z(l)i =
{
hW (l),b(l) (xi)

hW (l),b(l) (z(l−1)
i )

l = 1,
l = 2, ..., p

(1)

where l indicates the number of network layers. h(·) denotes the linear regression equa-
tion, where W (l) and b(l) denote the weights and biases that can be learned in layer l. ..
We introduce batch normalization (BN) layers to speed up convergence and training, as
well as control the gradient to prevent gradient explosion and training overfitting, which
is added to the output z(l)i

z(l)BNi = αz
∧(l)
i + β (2)

where z
∧(l)
i is the z − score result of z(l)i , α and β denote the network parameters to be

learned by the BN layer. In order to make sense of the deep fully connected network, a
nonlinear activation ReLU operation is performed on the output of each layer with the
following equation

a(l)
i = ReLU (z(l)BNi) (3)
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Different from the earlier fusion, the mid-stage fusion first delivers the multimodal
data to different fully connected layer networks for feature extraction separately. Then,
the features are merged and sent to the fully connected layer network again for further
feature fusion. Finally, the output results are used for classification. The connection of
the two data after feature extraction is called later fusion, where the connected data are
directly put into logistic regression for classification.

3.2 Cross-Stage Feature Fusion

Our proposed cross-stage feature fusion strategy is able to preserve the details of image
data and remove the redundancy of image data. The reason is that the cross-stage fea-
ture fusion strategy combines the advantages of early fusion and later fusion by con-
structing pre-processing and post-processing modules. Pre-processing is used to retain
the details lost in removing redundant information, whereas post-processing is used to
boldly remove redundant information. The structure diagram is shown in Fig. 1.

Fig. 1. Architecture diagram of cross-stage fusion method

CSF method mainly contains two parts: feature extraction and feature fusion. First,
the samples are selected from the dataset for feature extraction through fully-connected
(FC) network. Then, feature fusion is performed. Feature fusion is divided into a pre-
processing of merging the two parts of data for deep fusion and a post-processing of
continuing feature extraction to the end of the network to be merged and fused further,
where the structure of the FC network is shown in Fig. 2.
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BN RLUEncoder

FC-Net

Fig. 2. Architecture diagram of FC-Net

The network structure is a fully connected network with internal blocks consisting
of FC blocks as shown in Fig. 1. The purpose of the cross-stage fusion strategy is to
minimize the mean squared error of the true value and the predicted value, and its loss
function is as follows

L = −1

N

N∑

i=1

[
yi log y

∧

i + (1 − yi) log
(
1 − y

∧

i

)]
(4)

where yi and y
∧

i are the true value and predicted value of N samples, respectively. In order
to prevent overfitting in the training process and reduce the complexity of the model,
additional constraints are imposed on the network parameters, and the loss function can
be written as

L = −1

N

N∑

i=1

[
yi log y

∧

i + (1 − yi) log
(
1 − y

∧

i

)] + λ
1

l

l∑

i=1

∥∥
∥W (l)

∥∥
∥
2

2
(5)

where λ is the parameter controlling the complexity, increasing the value of λwill reduce
the complexity.

4 Experiments

4.1 Dataset

For the experiments, we used two datasets to test the effectiveness of our method, HSI-
LiDAR Houston2013 Dataset and HSI-SAR Berlin Dataset [23], respectively.

HSI-LiDARHouston2013Dataset is grouped into two parts, HSI with 144 bands and
Lidar with only 1 band, with a total of 349*1905 pixels, of which the number of training
samples is 2832, and the number of testing samples is 12197, with the total number of
categories being 15. Table 1 shows the number of training and testing samples for each
category of the data set, respectively.
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Table 1. Name, training set and test set of each category included in the Houston2013 data

Class Class Name Train Set Test Set

Class 1 Healthy Grass 198 1053

Class 2 Stressed Grass 190 1064

Class 3 Synthetic Grass 192 505

Class 4 Tree 188 1056

Class 5 Soil 186 1056

Class 6 Water 182 143

Class 7 Residential 196 1072

Class 8 Commercial 191 1053

Class 9 Road 193 1059

Class 10 Highway 191 1036

Class 11 Railway 181 1054

Class 12 Parking Lot1 192 1041

Class 13 Parking Lot2 184 285

Class 14 Tennis Court 181 247

Class 15 Running Track 187 473

Total 2832 12197

HSI-SAR Berlin Dataset is composed of HSI with 244 bands and SARwith 4 bands,
having 1723*476 pixels points, in which there are 2820 training samples and 461851
testing samples, totally 8 of classes. The number of training samples and the number of
testing samples for each class of the dataset are shown in Table 2, accordingly.

Table 2. Name, training set and test set of each category included in the Berlin data

Class Class Name Train Set Test Set

Class 1 Forest 443 54511

Class 2 Residential Area 423 268219

Class 3 Industrial Area 499 19067

Class 4 Low Plants 376 58906

Class 5 Soil 331 17095

Class 6 Allotment 280 13025

Class 7 Commercial Area 298 24526

Class 8 Water 170 6502

Total 2820 461851

Both datasets have similar numbers of total and training samples, whereas Berlin data
has four times more test samples than Houston2013 data, but the number of categories
is double that of the other.
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4.2 Result Analysis

There are three metrics to judge the classification results of multimodal data, namely
overall accuracy (OA), average accuracy (AA) and kappa coefficient (Kappa). Their
equations are shown as follows

OA = Np

Nt
(6)

AA = 1

C

C∑

i=1

Ni
p

N i
t

(7)

Kappa = OA − Pe

1 − Pe
(8)

where Nt and Np denote the number of classified samples and the number of correct pre-
dictions, respectively.Ni

t andN
i
p denote the sample number for each class corresponding

to Nt and Np. Pe can be expressed as

Pe = N1
p × N 1

t + · · · + Ni
p × Ni

t + · · · + NC
p × NC

t

Nt × Nt
(9)

In order to verify the effectiveness of our proposed method CSF-Net, it is compared
with the single-modal methods HIS-FC and Lidar-FC, which validates the effectiveness
of the multimodal method, separately, in addition to the Early-Net, Mid-Net and Later-
Net multimodal methods, which validates the efficiency of our proposed fusion strategy.
It is also compared with other recent multimodal hyperspectral classification methods,
such as LeMA, CapsNet and CoCNN. Our experiments use the Tensorflow framework.
The optimizer used is Adam optimization. The initial learning rate is set to 0.001. The
network parameters are regularized with l2 − norm to prevent overfitting.

As shown in Fig. 3, there is a clear gap between the single-modal method and the
multi-modal method, therefore, complementary information exists in both modalities
which can be fused and utilized. Among the single-modal methods, there is a huge
gap between the Lidar-Net method and the HSI-Net method, which shows that the HSI
contains much more information than the Lidar. Our proposed method has the highest
accuracy which proves that the cross-fusion strategy is a successful method.

As can be seen from Table 3, our method is the best in all three-evaluation metrics.
Details of the classification of each category in the Houston2013 dataset are presented.
Categories C3 and C14 are basically all predicted correctly, as synthetic grass and tennis
courts, respectively, have distinct characteristics and regional invariance.

As shown in Table 4, our method is the best among the two-evaluation metrics. In the
demonstration of the classification of each category, category C7 has a low correct pre-
diction rate because of the chaotic features and regional irregularities of the commercial
area. The overall evaluation metrics of Berlin dataset are low, indicating that this dataset
has complex potential features and belongs to a relatively new and complex dataset. The
next work will investigate this dataset more to increase the classification accuracy.



Cross-Stage Fusion Network 85

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 5 10 15 20 25 30 35

Ours Mid-Net

Later-Net HIS-FC

Lidar-FC Early-Net

Fig. 3. Accuracy curves of the proposed method and other methods

Table 3. Experimental results for the Houston2013 dataset

Methods HSIFC EarlyNet MidNet LaterNet LeMA CapsNet CoCNN Ours

C1 82.91 82.15 82.81 8272 81.86 81.10 83.10 82.72

C2 83.74 83.74 82.33 83.83 83.80 81.02 84.87 82.24

C3 100 100 100 100 100 96.44 99.80 100

C4 91.57 92.52 93.18 93.18 94.79 88.35 92.42 92.52

C5 97.63 99.62 98.86 99.24 99.34 100 99.24 98.67

C6 95.10 83.92 95.80 95.10 99.30 95.80 95.80 95.10

C7 86.57 81.81 81.34 84.42 88.99 86.37 95.20 80.97

C8 45.30 81.58 79.58 78.73 74.26 90.10 81.86 81.67

C9 71.67 71.96 79.69 74.98 73.84 82.53 85.08 86.87

C10 86.85 79.63 70.85 70.27 72.20 72.78 61.10 79.63

C11 80.07 76.19 83.25 80.93 82.26 82.99 83.09 83.30

C12 86.84 81.56 90.20 90.39 90.30 83.09 91.26 88.95

C13 74.74 83.16 80.70 75.09 67.37 76.14 86.77 87.37

C14 100 100 100 99.60 100 93.93 91.09 100

C15 98.73 98.10 98.73 98.52 98.10 97.46 98.73 99.52

OA(%) 82.84 85.45 86.19 86.07 85.42 86.52 87.23 89.42

AA(%) 83.45 86.39 87.89 87.13 87.05 87.54 88.22 89.24

Kappa(%) 81.37 84.20 85.01 84.87 84.17 85.41 86.19 88.51
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Table 4. Experimental results for the Berlin dataset

Methods HSIFC EarlyNet MidNet LaterNet LeMA CapsNet CoCNN Ours

C1 75.62 65.95 75.66 76.29 64.18 84.96 84.09 64.18

C2 51.78 57.68 63.04 62.50 64.11 65.22 68.48 64.11

C3 51.19 53.55 53.01 49.79 56.62 48.42 49.09 56.62

C4 76.32 84.65 80.45 77.58 70.28 80.8 79.43 70.28

C5 78.29 82.37 71.44 80.00 76.00 69.18 81.25 76.00

C6 66.97 64.48 63.87 61.73 70.10 55.08 50.68 70.20

C7 30.95 30.00 27.86 35.56 30.11 26.12 26.16 36.11

C8 68.99 64.30 63.99 64.27 59.77 59.69 59.52 59.77

OA (%) 64.42 67.33 71.07 70.27 66.71 66.55 68.51 71.68

AA (%) 63.01 63.58 62.42 63.47 62.35 61.18 62.34 63.69

Kappa (%) 43.13 47.78 53.75 52.48 53.12 52.77 54.76 54.79

5 Conclusion

In this paper, we propose a multi-modal feature fusion strategy based on FC-Net, we
mainly explore the effect of multi-modal fusion strategy and the effect of different
fusion strategies. Based on different period fusion strategies, the most discriminative
features of the two stage methods are fused, finally extracting the more robust and easily
distinguishable features. Experiments prove that our proposed method is the best. The
output of pre-processing and post-processing is fused to obtain features that eliminate
redundant information and retain detailed information, which improves the classification
results. Although themethod has promising results, however, hyperspectral image region
invariance is not exploited. Next, we will prepare to explore the deep network model for
multi-modal data with a combination of spatial and spectral information.
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