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ABSTRACT

In this paper, we present a unified deep learning framework
for multimodal remote sensing image classification, U-MDL
for short. U-MDL attempts to develop a general network
architecture that consists of two subnetworks for feature ex-
traction and feature fusion, respectively, with a focus on
“which”, “when”, and “how” to fuse. For this purpose, we
detail several common but effective fusion modules in the
networks, e.g., early fusion, middle fusion, late fusion, and
encoder-decoder fusion. These modules can be general-
ized well into our U-MDL framework. More significantly,
we also emphasize to investigate a special case of multi-
modality learning (MML), that is, cross-modality learning
(CML) which widely exists in real applications. Moreover,
extensive experiments are conducted to demonstrate the supe-
riority and effectiveness of the proposed U-MDL framework
in the remote sensing image classification task. The codes
and datasets are available at: https://github.com/
danfenghong/IEEE_TGRS_MDL-RS for the sake of re-
producibility.

Index Terms— Classification, cross-modality, deep
learning, feature extraction, feature fusion, hyperspectral,
multi-modality.

1. INTRODUCTION

Recently, a large amount earth observation (EO) data become
openly and freely available, e.g., hyperspectral imagery (HSI)
[1], multispectral imagery (MSI), light detection and rang-
ing (LiDAR), synthetic aperture radar (SAR) [2], etc., owing
to the rapid development in spaceborne or airborne imaging
techniques. This enables us to recognize or identify the ma-
terials of interest lying on the surface of the Earth more ac-
curately. There have been many successful showcases in the
use of multimodal EO data [3] to enhance the data quality,
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Fig. 1: An example for comparison of classification results
using signal modalities (HSI and LiDAR) and multimodal
data (HSI + LiDAR).

e.g., hyperspectral and multispectral fusion [4, 5], to improve
the classification accuracies, e.g., using HSI and LiDAR data
[6] to effectively recognize the material “grass” on the ground
and one on the roof by the means of the height properties [7],
or to consider the geometric information by blending the op-
tical and SAR data [8]. Fig. 1 gives an example for land
use and land cover (LULC) classification by using HSI and
LiDAR data.

Over the past decades, enormous excellent works have
been proposed to address the multimodal issue, where sub-
space learning based methods [9] have played an important
role, such as spectral unmixing [10, 11], manifold alignment
[12, 13], regression [14, 15]. Although these aforementioned
multimodal data analysis approaches seek to improve the
classification performance, yet their ability in mining the in-
trinsic properties of the data remains limited due to the lack
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Fig. 2: An illustration for the proposed U-MDL framework (left) and four different fusion strategies (right).

of a powerful tool in data representation. Inspired by the
recent advancement of deep learning (DL) techniques [16],
there have been some tentative researches related to DL in
this topic. However, most of them derive from some exist-
ing methods in computer vision and machine learning fields
directly or indirectly.

To overcome this issue, we attempt to build a unified DL
architecture, making it applicable to the common classifica-
tion task of multimodal remote sensing (RS) images. By fo-
cusing on three open questions: “which to fuse”, “when to
fuse”, and “how to fuse”, the main contributions of the pro-
posed DL framework can be unfolded as follows:

• A unified multimodal DL framework, called U-MDL,
is proposed with the application to the RS image clas-
sification.

• The proposed U-MDL is able to be applied not only for
the case of multi-modality learning (MML) but also for
that of cross-modality learning (CML).

• Four fusion modules, namely early fusion, middle fu-
sion, late fusion, and encoder-decoder fusion, are gen-
eralized to the network architecture.

It is worth noting that a journal version has been published
in IEEE TGRS, where the readers can find more details [17].

2. METHODOLOGY

Fig. 2 shows an illustrative overview for the proposed U-
MDL framework with two important subnetworks, they are
feature extraction network (Ex-Net) and feature fusion net-
work (Fu-Net). We will give more details about the two mod-
ules in the following subsections.

2.1. Ex-Net

As the name suggests, the Ex-Net aims to extract the feature
representations for each modality in a hierarchical manner
[18]. Given two different modalities Xs ∈ Rds×N , s = 1, 2
with d1 and d2 feature dimensions by N pixels, the output of
the i-th pixel in the l-th layer of Ex-Net, denoted as z(l)s,i, can
be then formulated as follows

z
(l)
s,i =

{
f(W

(l)
s xs,i + b

(l)
s ), l = 1,

f(W
(l)
s z

(l−1)
s,i + b

(l)
s ), l = 2, ..., p,

(1)

where x1,i and x2,i represents an aligned i-th pixel-pair, and
s stands for different modalities. f is defined as the nonlinear
activation function, e.g., well-known sigmoid or ReLU func-
tion, with respect to the parameters: weights {W(l)

s }pl=1 and
biases {b(l)

s }pl=1.
In order to speed up the network learning and avoid the

problems of the gradient vanishment and explosion, a batch
normalization (BN) layer [19] is connected behind the output
z
(l)
s,i. Moreover, we define the Block that consists of encoder

layer, BN layer, and nonlinear activation layer in networks.
The Ex-Net passes through several such blocks to further ab-
stract the feature representations before being fed into the fol-
lowing Fu-Net.

2.2. Fu-Net

These extracted features from Ex-Net are denoted as {Zs}2s=1,
which can be further seen as the new input of Fu-Net. Fig.
2 illustrates four different fusion modules in Fu-Net. In gen-
eral, the Fu-Net holds the similar network architecture with
Ex-Net, we then have

z
(l)
i = f(W(l)

s z
(p)
s,i + b(l)

s ), l = p+ 1, ..., q. (2)

With the output of Eq. (2), the cross-entropy loss is applied
to measure the differences (L) between z

(l)
i and the one-hot



Table 1: Network configuration in each layer of U-MDL. FC
is the abbreviation of fully connected, and the values in the
last row are the output size for each layer.

Ex-Net Fu-Net
Block1 Block2 Block3 Block4 Block5 Block6 Block7

FC FC FC FC FC FC FC
BN BN BN BN BN BN –

ReLU ReLU ReLU ReLU ReLU ReLU Softmax
16 32 64 128 128 64 C

encoded label yi

L =
−1
N

N∑
i=1

[yilogz
(l)
i + (1− yi)log(1− z

(l)
i )], (3)

where Y ∈ RC×N is defined as the one-hot encoded label
matrix with C categories by N pixels. More details regarding
the network architecture can be found in the following sub-
section.

2.3. A Special Case of MML: CML

Unlike the MML that trains and infers the models in the pres-
ence of both two modalities, CML is defined as training the
models using two modalities while inferring the models only
using one of modalities, that is, one modality is absent at in-
ference time [20]. Typically, this is an interesting but chal-
lenging issue related to transfer learning. The results in CML
can be regarded as a valuable index to assess the model’s per-
formance to a great extent, since a “good” model is robust
and discriminative enough when the input data is noisy and
missing in the extreme case in inference process.

2.4. Network Configuration

As mentioned, the proposed U-MDL framework is composed
of Ex-Net and Fu-Net, whose network configuration is given
in Table 1. Please note that four different fusion strategy
shares the basically identical architecture. Several slight dif-
ferences lie in 1) early fusion stacks the different modalities
at the stage of data input; 2) middle fusion and late fusion
perform the modality fusion in the middle and late layers, re-
spectively; 3) encoder-decoder fusion takes the middle fusion
as a backbone, and additionally learns the parameters from a
reconstruction (or decoder) network.

3. EXPERIMENTS

3.1. Data Description

This scene is located in the campus of University of Houston
and its surrounding rural areas, Texas, USA. The correspond-
ing product was acquired by the ITRES CASI-1500 imaging
sensor and used for the IEEE GRSS DFC2013. The datasets
consist of a HSI with 144 bands in the spectral range from

Table 2: The number of training and test samples for each
class in the HSI-LiDAR datasets.

No. Class Name Training Test

C1 Healthy Grass 198 1053
C2 Stressed Grass 190 1064
C3 Synthetic Grass 192 505
C4 Tree 188 1056
C5 Soil 186 1056
C6 Water 182 143
C7 Residential 196 1072
C8 Commercial 191 1053
C9 Road 193 1059

C10 Highway 191 1036
C11 Railway 181 1054
C12 Parking Lot1 192 1041
C13 Parking Lot2 184 285
C14 Tennis Court 181 247
C15 Running Track 187 473

Total 2832 12197

364nm to 1046nm, a LiDAR image with 1 band by 349×1905
pixels. In addition, 15 LULC categories are involved in the
datasets. More details about class, training set, and test set
are listed in Table 2, and correspondingly, the first row of Fig.
3 shows false-color images of the studied scene as well as
the training and test samples for evaluating the classification
performance.

Note that to better utilize the spatial information of Li-
DAR data, the attribute profiles (APs) [21] are used to extend
the LiDAR image to 21-band profiles as the network input.

3.2. Result and Discussion

Table 3 quantitatively lists the classification results of differ-
ent compared networks in terms of three indices: OA, AA, and
κ as well as the accuracy for each class in MML and CML:
CML-HSI and CML-LiDAR.

Owing to the rich spectral information, the classification
performance using HSI is superior to that using LiDAR, de-
spite the APs extracted from the LiDAR image to enhance its
spatial information. As expected, the single modalities per-
form worse than the multimodal methods. More specifically,
late fusion and middle fusion are capable of better blending
the multimodal information compared to early fusion. Fur-
thermore, the encoder-decoder fusion achieve the highest
classification accuracies, demonstrating its effectiveness in
multimodal feature blending.

In the case of CML, since one modality is absent in the
testing phase, those networks that reply on the feature con-
catenation, e.g., early fusion, middle fusion, and late fusion,
fail to identify the materials, especially early fusion where
the accuracies for most of materials are even equal to zeros.
These, to some extent, indicate that these methods might not
be suitable for the CML case. However, different from the
above methods, encoder-decoder fusion shows its potential in
CML’s task, despite the results in both CML-HSI and CML-
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Fig. 3: Classification maps of compared methods for both MML and CML.

Table 3: Quantitative comparison of different methods using FC-Nets on the HS-LiDAR datasets. The best is shown in bold.

Method C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 OA AA κ

MML
HSI 82.72 83.36 100 92.05 98.20 95.10 82.84 48.53 74.88 52.80 80.74 84.25 75.79 100 98.73 80.39 83.33 78.83

LiDAR 35.71 57.33 83.56 72.16 70.08 71.33 72.29 85.57 47.88 60.14 79.70 47.36 70.53 85.83 41.23 63.61 65.38 60.59
Early 80.44 80.73 100 96.50 98.67 83.22 82.74 82.24 75.92 71.04 84.72 79.54 82.46 100 98.52 84.88 86.45 83.66

Middle 80.34 84.02 100 92.90 99.53 95.10 82.46 82.05 86.21 75.87 85.48 81.65 84.56 100 98.52 86.62 88.58 85.56
Late 82.81 84.21 100 93.09 99.05 98.60 88.90 78.35 81.87 79.73 85.77 89.05 78.60 100 98.73 87.60 89.06 86.59

En-De 81.58 83.65 100 93.09 99.91 95.10 82.65 81.29 88.29 89.00 83.78 90.39 82.46 100 98.10 88.52 89.95 87.59
CML−HSI

Early 83.10 26.03 0.00 0.00 64.68 0.00 0.00 0.00 67.23 79.25 0.00 0.48 20.35 0.00 0.00 28.13 22.74 21.58
Middle 81.48 84.21 25.15 34.38 99.62 95.10 19.40 45.58 45.99 38.61 69.17 60.33 44.56 100 98.73 59.07 62.82 56.00

Late 82.34 84.21 94.65 78.03 98.30 98.60 40.39 35.90 49.67 48.17 63.47 76.85 51.23 100 98.73 68.94 73.37 66.51
En-De 96.39 78.20 83.56 91.29 96.88 96.50 58.49 44.63 55.15 53.86 69.26 66.76 64.21 98.38 95.56 73.26 76.61 71.10

CML− LIDAR
Early 0.00 0.00 100 0.00 0.00 100 28.26 57.45 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.76 19.05 10.40

Middle 43.49 15.23 0.00 12.31 10.70 0.00 62.78 75.40 57.88 71.53 78.46 31.32 82.81 35.22 49.05 44.21 41.75 39.67
Late 40.65 4.04 100 14.49 0.57 1.4 78.92 69.71 70.63 78.09 79.03 44.09 78.60 11.34 0.00 47.70 44.77 43.45

En-De 45.77 42.86 92.48 69.79 31.06 67.83 39.74 57.93 49.01 54.92 50.28 32.18 65.26 38.46 42.49 49.50 52.01 45.44

LiDAR are still lower than those in single HSI and LiDAR.
This might provide us a feasible solution to design more ef-
fective models. Visually, Fig. 3 gives the classification maps
for compared methods in two different problem setting (MML
and CML). Generally, there are more realistic and accurate
classification results in MML but relatively poor results in
CML, particularly in the region covered by the cloud.

4. CONCLUSION

In this paper, we propose a unified MDL framework in or-
der to generalize the MDL into the RS image classification

with a focus on different well-known fusion strategies. By
observing the experimental results, we draw a comprehensive
analysis and discussion, from which we found that these well-
known fusion strategies are effective for the MML issue but
they fail to work well in CML. In future work, we would like
to emphasize to develop more powerful modules in networks,
making it applicable to the case of CML.

5. ACKNOWLEDEGEMENT

This work was supported in part by the National Natural Sci-
ence Foundation of China under Grant 42030111 and Grant



41722108, and in part by the AXA Research Fund.

6. REFERENCES

[1] R. Hang, Q. Liu, D. Hong, and P. Ghamisi, “Cascaded
recurrent neural networks for hyperspectral image clas-
sification,” IEEE Trans. Geosci. Remote Sens., vol. 57,
no. 8, pp. 5384–5394, 2019.

[2] J. Kang, D. Hong, J. Liu, G. Baier, N. Yokoya, and
B. Demir, “Learning convolutional sparse coding on
complex domain for interferometric phase restoration,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 32, no. 2,
pp. 826–840, 2021.

[3] D. Hong, L. Gao, R. Hang, B. Zhang, and J. Chanus-
sot, “Deep encoder-decoder networks for classification
of hyperspectral and lidar data,” IEEE Geosci. Remote
Sens. Lett., 2020. DOI:10.1109/LGRS.2020.3017414.

[4] N. Yokoya, C. Grohnfeldt, and J. Chanussot, “Hyper-
spectral and multispectral data fusion: A comparative
review of the recent literature,” IEEE Geosci. Remote
Sens. Mag., vol. 5, no. 2, pp. 29–56, 2017.

[5] D. Hong, N. Yokoya, J. Chanussot, and X. Zhu,
“CoSpace: Common subspace learning from
hyperspectral-multispectral correspondences,” IEEE
Trans. Geosci. Remote Sens., vol. 57, no. 7, pp. 4349–
4359, 2019.

[6] R. Hang, Z. Li, P. Ghamisi, D. Hong, G. Xia, and
Q. Liu, “Classification of hyperspectral and lidar data
using coupled cnns,” IEEE Trans. Geosci. Remote Sens.,
vol. 58, no. 7, pp. 4939–4950, 2020.

[7] U. Heiden, W. Heldens, S. Roessner, K. Segl, T. Esch,
and A. Mueller, “Urban structure type characterization
using hyperspectral remote sensing and height informa-
tion,” Landsc. Urban Plan., vol. 105, no. 4, pp. 361–
375, 2012.

[8] D. Hong, N. Yokoya, G.-S. Xia, J. Chanussot, and
X. X. Zhu, “X-ModalNet: A semi-supervised deep
cross-modal network for classification of remote sensing
data,” ISPRS J. Photogramm. Remote Sens., vol. 167,
pp. 12–23, 2020.

[9] B. Rasti, D. Hong, R. Hang, P. Ghamisi, X. Kang,
J. Chanussot, and J. Benediktsson, “Feature extraction
for hyperspectral imagery: The evolution from shallow
to deep: Overview and toolbox,” IEEE Geosci. Remote
Sens. Mag., vol. 8, no. 4, pp. 60–88, 2020.

[10] J. Yao, D. Meng, Q. Zhao, W. Cao, and Z. Xu,
“Nonconvex-sparsity and nonlocal-smoothness-based
blind hyperspectral unmixing,” IEEE Trans. Image Pro-
cess., vol. 28, no. 6, pp. 2991–3006, 2019.

[11] D. Hong, N. Yokoya, J. Chanussot, and X. Zhu, “An
augmented linear mixing model to address spectral vari-
ability for hyperspectral unmixing,” IEEE Trans. on Im-
age Process., vol. 28, no. 4, pp. 1923–1938, 2019.

[12] D. Tuia, M. Volpi, M. Trolliet, and G. Camps-Valls,
“Semisupervised manifold alignment of multimodal re-
mote sensing images,” IEEE Trans. Geosci. Remote
Sens., vol. 52, no. 12, pp. 7708–7720, 2014.

[13] J. Hu, D. Hong, Y. Wang, and X. Zhu, “A comparative
review of manifold learning techniques for hyperspec-
tral and polarimetric sar image fusion,” Remote Sens.,
vol. 11, no. 6, p. 681, 2019.

[14] D. Hong, N. Yokoya, J. Chanussot, J. Xu, and X. Zhu,
“Learning to propagate labels on graphs: An iterative
multitask regression framework for semi-supervised hy-
perspectral dimensionality reduction,” ISPRS J. Pho-
togramm. Remote Sens., vol. 158, pp. 35–49, 2019.

[15] D. Hong, N. Yokoya, J. Chanussot, J. Xu, and X. X. Zhu,
“Joint and progressive subspace analysis (jpsa) with
spatial-spectral manifold alignment for semisupervised
hyperspectral dimensionality reduction.,” IEEE Trans.
Cybern., 2020. DOI: 10.1109/TCYB.2020.3028931.

[16] D. Hong, L. Gao, J. Yao, B. Zhang, P. Antonio, and
J. Chanussot, “Graph convolutional networks for hyper-
spectral image classification,” IEEE Trans. Geosci. Re-
mote Sens., 2020. DOI: 10.1109/TGRS.2020.3015157.

[17] D. Hong, L. Gao, N. Yokoya, J. Yao, J. Chanussot,
D. Qian, and B. Zhang, “More diverse means better:
Multimodal deep learning meets remote-sensing im-
agery classification,” IEEE Trans. Geosci. Remote Sens.,
2020. DOI: 10.1109/TGRS.2020.3016820.

[18] D. Hong, W. Liu, J. Su, Z. Pan, and G. Wang, “A novel
hierarchical approach for multispectral palmprint recog-
nition,” Neurocomputing, vol. 151, pp. 511–521, 2015.

[19] S. Ioffe and C. Szegedy, “Batch normalization: Acceler-
ating deep network training by reducing internal covari-
ate shift,” arXiv preprint arXiv:1502.03167, 2015.

[20] D. Hong, N. Yokoya, N. Ge, J. Chanussot, and
X. Zhu, “Learnable manifold alignment (LeMA): A
semi-supervised cross-modality learning framework for
land cover and land use classification,” ISPRS J. Pho-
togramm. Remote Sens., vol. 147, pp. 193–205, 2019.

[21] D. Hong, X. Wu, P. Ghamisi, J. Chanussot, N. Yokoya,
and X. Zhu, “Invariant attribute profiles: A spatial-
frequency joint feature extractor for hyperspectral im-
age classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 58, no. 6, pp. 3791–3808, 2020.


	 Introduction
	 Methodology
	 Ex-Net
	 Fu-Net
	 A Special Case of MML: CML
	 Network Configuration

	 Experiments
	 Data Description
	 Result and Discussion

	 Conclusion
	 Acknowledegement
	 References

