This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
IEEE GEOSCIENCE AND REMOTE SENSING LETTERS

1

Deep Encoder–Decoder Networks for Classification
of Hyperspectral and LiDAR Data
Danfeng Hong , Member, IEEE, Lianru Gao , Senior Member, IEEE, Renlong Hang , Member, IEEE,
Bing Zhang , Fellow, IEEE, and Jocelyn Chanussot , Fellow, IEEE
Abstract— Deep learning (DL) has been garnering increasing
attention in remote sensing (RS) due to its powerful data
representation ability. In particular, deep models have been
proven to be effective for RS data classification based on a single
given modality. However, with one single modality, the ability
in identifying the materials remains limited due to the lack
of feature diversity. To overcome this limitation, we present
a simple but effective multimodal DL baseline by following a
deep encoder–decoder network architecture, EndNet for short,
for the classification of hyperspectral and light detection and
ranging (LiDAR) data. EndNet fuses the multimodal information
by enforcing the fused features to reconstruct the multimodal
input in turn. Such a reconstruction strategy is capable of better
activating the neurons across modalities compared with some
conventional and widely used fusion strategies, e.g., early fusion,
middle fusion, and late fusion. Extensive experiments conducted
on two popular hyperspectral and LiDAR data sets demonstrate the superiority and effectiveness of the proposed EndNet
in comparison with several state-of-the-art baselines in the
hyperspectral-LiDAR classification task. The codes will be available at https://github.com/danfenghong/IEEE_GRSL_EndNet,
contributing to the RS community.
Index Terms— Classification, deep learning (DL), encoder–
decoder, hyperspectral, light detection and ranging (LiDAR),
multimodality, remote sensing (RS).

I. I NTRODUCTION

W

ITH the rapid development of different imaging techniques, spaceborne or aerial remote sensing (RS) data
acquired by either active, e.g., synthetic aperture radar (SAR)
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[1], light detection and ranging (LiDAR) [2], or passive
devices, e.g., hyperspectral imagery (HSI) [3] and multispectral imagery (MSI), become freely and openly available on
an increasingly larger scale. However, using single modalities
may limit the classification performances in various applications. For example, the MSI fails to finely discriminate
those classes that hold very similar spectral signatures, or the
HSI is not able to distinguish the differences between the
material “grass” on the ground and one on the roof due to the
missing elevation information or the effects of various spectral
variabilities [4]. As a result, the joint use of multimodal data
enables the recognition of materials of interest at a more
accurate level.
Up until now, there have been many successful showcases
by the means of multimodal RS data to enhance the spatial and spectral resolutions, e.g., HSI and MSI fusions [5],
to effectively identify the materials with different heights,
e.g., by using HSI and LiDAR data [6], or to provide the
geometrically compensatory information by fusing the optical
and SAR data [7]. In this letter, we pay more attention
to the classification task of HSI and LiDAR data. In [8],
the morphological profiles (MPs) are used to fuse the HSI
and LiDAR data on the subspace obtained by a graph-based
embedding technique. Rasti et al. [9] extracted more advanced
extinction profiles (EPs) for the fusion of HSI and LiDAR data.
Similarly, the same investigators further extended their fusion
study by jointly modeling sparse and low-rank properties
[10]. Inspired by the recent success of deep learning (DL)
techniques, Chen et al. [11] first employed two convolutional
neural networks (CNNs) to extract feature representations
from HSI and LiDAR data, respectively, and then, one fully
connected (FC) network is used over the extracted features for
further fusion.
Different from the concatenation-based fusion strategy
introduced earlier, the idea of the learning shared or common
subspace representations [12] has been paid growing attention
in the multi-modality learning (MML) task. This topic can be
roughly categorized into image- and feature-level learnings.
A typical image-level work was proposed in [13] to enhance
the spectral resolution of the MSI using partially overlapped
HSI. For the feature-level one, Hong et al. [14], for the
first time, proposed to learn a common subspace from the
limited HS-MS correspondences, and the learned subspace can
be seen as a “bridge” to well transfer different information
across modalities. Hong et al. [15] further improved their
work by adaptively learning an aligned graph structure, yielding a state-of-the-art semisupervised model. Very recently,
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Fig. 1.
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Illustration of the proposed EndNet for classificaiton of HSI and LiDAR data.

Li et al. [16] proposed a robust capsule network by utilizing
maximum correntropy criterion with the applications to HS
image classification as well as HS and LiDAR data joint
classification. However, there is still room for improvement
in feature representations, e.g., more compact information
blending and more effective information transfer.
To overcome this challenge, we develop a simple but
effective deep network, which is shaped based on an encoder–
decoder architecture, called EndNet, for classification of HSI
and LiDAR data. EndNet makes full use of the advantages of
the encoder–decoder module, aiming at fusing HSI and LiDAR
data in a more compact fashion. It is worth noting that the
proposed EndNet is an FC network. The main reasons lie in
two aspects. One is to avoid the issue of information leak (e.g.,
using CNNs) when the overlap occurs between training and
testing samples [17], [18]. Another reason that we expect to
clarify is that our main motivation or goal is to provide a novel
solution (fusion baseline) for the HSI and LiDAR classification
beyond previous concatenation-dominated ones.
II. M ETHODOLOGY
Fig. 1 illustrates the proposed EndNet framework that
consists of three parts: feature extraction (or encoder) network
(FE-Net), fusion module connecting with labels (F-Net), and
reconstruction (or decoder) network (R-Net).
A. FE-Net
As the name suggests, the FE-Net extracts the features
for each modality in a hierarchical manner. Given two input
modalities X1 ∈ Rd1 ×N and X2 ∈ Rd2 ×N with d1 and d2
dimensions by N pixels, the extracted features for the i th pixel
in the lth layer, denoted as z(l)
s,i , can be written as
 

f Ws(l) xs,i + b(l)
l=1
(l)
s ,

 (l) (l−1)
zs,i =
(1)
(l)
f Ws zs,i + bs , l = 2, . . . , p
where s = 1, 2 stands for different modalities; f (·) is the nonlinear activation function, e.g., well-known sigmoid or ReLU,
with respect to the to-be-estimated network parameters:

{Ws(l) }l=1 and {b(l)
s }l=1 . To speed up the network optimization and avoid the problems of the gradient vanishment and
explosion in the process of updating parameters, we adopt the
batch normalization (BN) layer [19] prior to the use of the
activation function.
p

p

B. F-Net
We start to fuse the features extracted from FE-Net in the
F-Net. This fused features ai can be formulated as follows:

(l) 
(2)
ai(l+1) = h z(l)
1,i , z2,i .
Similar to (1), h(·) can be seen as a set of “Block” that consists
of the encoder layer, the BN layer, and the ReLU activation
layer. [•, •] denotes a common concatenation operator. The
output in F-Net is connected with one-hot encoded labels
through a softmax layer.
C. R-Net
Inspired by the recent success of the encoder–decoder
architecture in feature fusion [20], we enforce to reconstruct
the input modalities from the fused features to improve the
fusion level of the features extracted from FE-Net, resulting
in the following formulation:


(3)
xs,i = g ai(l+1) , s = 1, 2
where g(·) denotes a set of reconstruction “Block” with
sigmoid activation function and without the BN layer in R-Net.
More specific network configuration can be found in Table I.
D. Objective Function
As stated, the overall objective function in EndNet can be
given as follows:
min
φ,ϕ

2


Xs − gϕ ( f φ (Xs ))2F

s=1



encoder−decoder
N



−1  
+
yi logai(l+1) + (1 − yi )log 1 − ai(l+1)
N i=1

cross−entropy
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TABLE I
N ETWORK C ONFIGURATION IN E ACH L AYER OF E ND N ET. FC, d , AND C A RE THE A BBREVIATION OF FC L AYER , THE S IZE OF I NPUT D ATA , AND THE
N UMBER OF C LASS . M OREOVER , THE VALUES IN THE L AST ROW A RE THE L AYERWISE S IZE

TABLE II
Q UANTITATIVE C OMPARISON OF D IFFERENT N ETWORKS ON THE H OUSTON 2013 D ATA S ETS . T HE B EST I S S HOWN IN B OLD

where yi is defined as the one-hot encoded label vector
with C categories in the i th pixel, and the encoder–decoder
term formulates how the reconstruction idea is embedded in
the proposed end-to-end network. More details regarding the
network architecture can be found in Fig. 1.

TABLE III
Q UANTITATIVE C OMPARISON OF D IFFERENT N ETWORKS ON THE T RENTO
D ATA S ETS . T HE B EST I S S HOWN IN B OLD

III. E XPERIMENTS
A. Data Description
Two popular and widely used HSI and LiDAR data sets
are used to evaluate the performance of the proposed network
both qualitatively and quantitatively.
1) Houston2013 Data: The first data set is available from
the IEEE GRSS DFC2013.1 One HSI with 144 bands in
the spectral range from 364 to 1046 nm and one LiDAR
image with 1 band by 349 × 1905 pixels are involved in this
scene. Fig. 2 shows false-color HS and LiDAR images and
the spatial distribution of training and testing samples in the
studied scene, while the specific number of training and testing
samples can be found in [16].
2) Trento Data: The second data set, which similarly consists of one HSI with 63 spectral bands and one LiDAR image,
was acquired over the area from the city of Trento, Italy. More
specifically, this scene consists of 166 × 600 pixels with a
ground sampling distance (GSD) of 1m. Fig. 3 visualizes the
HSI and LiDAR as well as the locations of training and testing
samples, and the number of training and testing samples for
each class can be detailed in [21].
B. Experimental Configuration
Our EndNet is implemented in the Tensorflow framework.
The Adam [22] is adopted to optimize our networks, and the
learning rate is determined by multiplying the base one (e.g.,
0.001) with “exponential” policy, e.g., (1 − (iter/maxIter))0.5 ,
at intervals of 30 epochs. To alleviate the effects of network
overfitting, the 2 -norm regularization parameterized by 0.01 is
employed on weights. The network training would stop as long
1 http://www.grss-ieee.org/community/technical-committees/data-

fusion/2013-ieee-grss-data-fusion-contest/

as the loss change on the validation set approximately reaches
stable. Please note that the size for each FC layer and hyperparameters in networks, e.g., learning rate and regularization
parameter, can be well determined by tenfold cross-validation
on the training set. More specifically, we select the layer size
and hyperparameters in the range of {16, 32, 64, 128, 256} and
{0.0001, 0.001, 0.01, 0.1, 1}, respectively.
Moreover, to better utilize the spatial information of LiDAR
data and make our FC network feasible, the attribute profiles
(APs) [23] are used to extend the LiDAR image to 21-band
profiles as the network input.
Furthermore, the classification performance of the EndNet
is quantitatively evaluated by three commonly used indices,
i.e., overall accuracy (OA), average accuracy (AA), and kappa
coefficient (κ), in comparison with several popular and widely
used fusion networks, i.e., early fusion, middle fusion, late
fusion, and the latest work (i.e., the work of Li et al. [16])
as well as single modalities. One main reason to select
these compared models is to verify the effectiveness of the
proposed encoder–decoder fusion baseline compared with
concatenation-based ones. For a fair comparison, we design
the same network architecture for all methods, e.g., the number
of the layer and the neuron, and activation function. A general
network configuration for all models is given in Table I.
C. Results and Analysis
In Tables II and III, we make a quantitative comparison
between different baseline networks by employing the classification as a potential application in terms of three indices:
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Fig. 2.

Classification maps of different compared methods on the Houston2013 data sets.

Fig. 3.

Classification maps of different compared methods on the Trento data sets.

OA, AA, and κ as well as the classification accuracy for each
category.
More specifically, although the APs are extracted from
the LiDAR image, which is capable of further enhancing
its spatial information, the network using HSI still performs
better than LiDAR’s due to the rich spectral information in
HSI. Not unexpectedly, the classification performance of single
modalities is inferior to that of the multimodal input (HSI
and LiDAR in our case). Moreover, the multimodal data,
particularly heterogeneous HSI and LiDAR data, usually fail
to fuse in a very early stage, e.g., early fusion, due to a big
gap between the original features from different modalities.
This can well explain why late fusion and middle fusion that
hierarchically extract feature representations before fusion can
achieve higher classification accuracies. It should be noted
that there is a similar performance trend between middle
fusion and late fusion. One main reason could be high-level
feature extraction, making it possible for the features from

different modalities to be projected into a comparable feature
space. Due to possibly insufficient information fusion, Li’s
method also achieves similar results compared with those
aforementioned models, despite the use of more advanced
network modules. More remarkably, the proposed EndNet outperforms other competitors and obtain the best classification
results, which demonstrates its superiority and great potential
in multimodal feature blending to a great extent.
D. Visual Comparison
Figs. 2 and 3 visualize the classification maps of different
compared methods in the full scene. Referring to the falsecolor HSI and LiDAR image, we can see that the classification
maps only using single modalities (HSI and LiDAR) are
relatively worse than those jointly using the two modalities.
In particular, the materials of Wood and Buildings in the second Trento data sets tend to be misclassified using singlemodality networks, leading to the noisy classification maps.

Authorized licensed use limited to: Jocelyn Chanussot. Downloaded on August 31,2020 at 15:21:56 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
HONG et al.: DEEP ENCODER–DECODER NETWORKS FOR CLASSIFICATION OF HYPERSPECTRAL AND LiDAR DATA

Moreover, the latest Li’s method does not well recognize the
materials of Wood and Apple Trees, leading to some noisy
pixels in the region of Wood and Apple Trees (see on the top
and middle of classification map). This might be explained
by the bottleneck in the fusion strategy. Intuitively, these
concatenation-based networks behave similarly performance
at least from the perspective of classification maps. In detail,
the middle fusion, late fusion, and Li’s work are able to deal
with the details more robustly and effectively; for example,
the material Commercial located in the region covered by
the cloud is identified more accurately compared with that
using early fusion in the Houston2013 data. As expected, our
proposed EndNet achieves the best visual results, yielding
smoother and more realistic classification maps on both data
sets. There is a similar trend between visual results and
quantitative ones listed in Tables II and III as well. Although
these models, including compared and our networks, are all
composed of FC layers rather than spatial-induced CNNs, yet
the results obtained by the EndNet are still comparable. This
shows the effectiveness of the EndNet in the classification of
HSI and LiDAR data.
IV. C ONCLUSION
In this letter, we aim to propose a novel baseline (EndNet)
in FC-dominated multimodal networks with the application
for the classification of HSI and LiDAR data. Similar to these
concatenation-based models, the proposed baseline starts to
extract the feature representations from different modalities
and better fuses them by additionally enforcing a regularization behavior before feeding into the softmax layer connecting
with labels. Inspired by the effectiveness of the proposed
EndNet in the fusion-related task baseline, we would like to
further extend this baseline to improve the performance of
some existing networks and develop more advanced modules
in the future work.
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