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Abstract

With the continuous development of remote sensing technology and computer
technology, traditional remote sensing image classification methods have be-
come inadequate for meeting the demands of modern remote sensing image
classification. In recent years, the continuous emergence of research achieve-
ments in deep learning has provided novel approaches and methodologies for
remote sensing image classification. This paper first outlines the evolution of
remote sensing image classification and the fundamental concepts of deep learn-
ing, then emphatically reviews the research progress of deep learning models—
including Deep Belief Networks, Convolutional Neural Networks, and Stacked
Auto-Encoders—in remote sensing image classification, and finally proposes the
existing problems in current research and the development trends of remote
sensing image classification.
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Abstract: With the continuous development of remote sensing technology and
computer technology, traditional remote sensing image classification methods
can no longer meet current demands. In recent years, the continuous emergence
of deep learning research achievements has provided a new approach for remote
sensing image classification. This paper first outlines the development of re-
mote sensing image classification and the basic concepts of deep learning, then
focuses on research progress in classification based on deep learning models such
as Deep Belief Networks (DBN), Convolutional Neural Networks (CNN), and
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Stacked Auto-Encoders (SAE). Finally, it summarizes existing problems and
future development trends in remote sensing image classification based on deep
learning.

Keywords: deep belief network; convolutional neural network; stacked auto-
encoder; remote sensing image classification; deep learning

0 Introduction

Remote sensing image classification is a complex data processing task. Tra-
ditional visual interpretation methods, though simple, flexible, and easy to
operate, require interpreters to possess extensive experience and professional
knowledge. Moreover, they are time-consuming and yield poor interpretation
accuracy, making them unsuitable for today’s massive volumes of remote sensing
imagery. Subsequently, researchers began utilizing spectral, texture, and other
features of remote sensing images to achieve interpretation through statistical
pattern recognition methods such as maximum likelihood, minimum distance,
and K-means clustering.

However, as a vital earth observation technology, remote sensing collects elec-
tromagnetic radiation information from ground targets via satellites, aircraft, or
other platforms. With the advancement of remote imaging technology, imagery
has gradually exhibited characteristics of high spectral, high spatial, and high
temporal resolution [1]. Currently, as remote sensing images are increasingly
applied in mineral exploration, precision agriculture, urban planning, forestry
measurement, military target recognition, and disaster assessment, demands for
classification accuracy and efficiency continue to rise. Yet remote sensing im-
age classification is influenced by multiple factors, including band selection and
complex surface information, making classification difficult. In high-resolution
remote sensing images, the abundance of detail information and the complexity
of ground object spectra further degrade classification accuracy. Consequently,
new methods such as artificial neural networks [2], support vector machines [3],
genetic algorithms [4], and object-oriented approaches [5] have been applied to
remote sensing image interpretation. Although these methods have achieved
good classification results, their degree of automation remains low.

In recent years, the emergence of deep learning [6] has provided a novel ap-
proach for remote sensing image interpretation. As a neural network with deep
hierarchical structure, it can better extract remote sensing image features than
shallow models such as artificial neural networks and support vector machines.
It can achieve dimensionality reduction for hyperspectral remote sensing images
and has attained higher classification accuracy than previous methods, better
promoting the development of automated and intelligent remote sensing image
interpretation. The advantage of deep learning lies in its superior capability
for feature selection and extraction. The foundation of remote sensing image
application is achieving good classification accuracy, which primarily depends
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on feature extraction and selection. Applying deep learning technology can ef-
fectively extract remote sensing image features, thereby improving classification
accuracy for better practical performance.

1 Deep Belief Network (DBIN) Models in Remote Sensing
Image Classification

Typical deep learning models mainly include Deep Belief Networks (DBN) [6],
Stacked Auto-Encoder networks (SAE) [7], and Convolutional Neural Networks
(CNN) [8]. This section introduces the applications and research progress of
these three models in remote sensing image classification, followed by compara-
tive analysis of their applications in this field, identification of current problems,
and prospects for future development directions.

1.1 DBN Model Introduction

A DBN is a probabilistic generative model composed of multiple Restricted
Boltzmann Machines (RBMs) stacked together. A typical DBN model with
three hidden layers is shown in Figure 1 [Figure 1: see original paper]. The bot-
tom layer of the DBN receives the training dataset, where the first RBM model
is a Gaussian-Bernoulli RBM and the remaining RBM models are Bernoulli-
Bernoulli RBMs. The DBN learning process consists of two main stages: pre-
training and fine-tuning. During pre-training, each layer’ s RBM is trained
individually using a layer-by-layer approach, with weights and biases between
layers fixed and saved for further analysis. In the fine-tuning stage, the DBN
model’ s weights and biases are updated using the backpropagation algorithm
with labeled input data. Specific details can be found in reference [9].

1.2 Research Progress on DBN-Based Remote Sensing Image Classi-
fication

With the continuous development of deep learning in recent years, DBN models
have been increasingly applied to speech and image datasets, achieving promis-
ing results [10,11]. In 2010, Mnih and Hinton first applied DBN models to road
detection in airborne remote sensing images, demonstrating that DBN models
can effectively extract image features and achieve good classification results [12].
However, as data from hyperspectral, high-resolution remote sensing images,
and Synthetic Aperture Radar (SAR) images continue to grow, new problems
have emerged in remote sensing image classification. The following sections in-
troduce the application and research progress of DBN models in hyperspectral
and high-resolution remote sensing imagery.

1.2.1 DBN Models in Hyperspectral Remote Sensing Image Classi-
fication Hyperspectral remote sensing image classification methods are gen-
erally based on mixed pixel decomposition, feature space classification, and
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spectral matching. However, due to the Hughes phenomenon, limited training
samples, and spatial variability of spectral features, image classification remains
challenging. In 2014, Li et al. introduced DBN into hyperspectral remote sensing
imagery for feature extraction and image classification, which could also be used
for spectral-spatial classification, though a further balance between learning rate
and classification accuracy was needed [13]. Subsequently, Chen et al. proposed
a new feature extraction and image classification method based on DBN for hy-
perspectral data, considering the data characteristics under spectral and spatial
variations. This method effectively addressed problems caused by data com-
plexity and limited sample size [14]. Zhou et al. [15] proposed a Grouped Deep
Belief Network that achieved better results in the spectral-spatial classification
of hyperspectral remote sensing images. This network combines grouped feature
knowledge of hyperspectral data with deep neural networks, reducing weights
between redundant feature groups connected to the neural network, thereby
removing numerous redundant spectral bands for spectral-spatial classification.
Recent research by Zhong et al. proposed a diversified DBN model that first uses
unsupervised learning to pre-train unlabeled samples, then employs supervised
learning fine-tuning to address the small sample problem. By introducing diver-
sified processing to handle the persistent reflection and non-response situations
of hidden unit parameters when using DBN, they achieved better accuracy than
the original DBN model and other methods for hyperspectral remote sensing
image classification [16].

1.2.2 DBN Models in High-Resolution Remote Sensing Image Classi-
fication Although high-resolution remote sensing imagery provides accurate
information for understanding the world, it also poses challenges for intelligent
interpretation in the remote sensing field. Previous pixel-level image classifi-
cation methods are no longer applicable as remote sensing image resolution
increases, because a single pixel may contain different types of ground objects.
In 2013, Chen et al. used DBN models to extract aircraft from high-resolution
remote sensing images, leveraging DBN’ s ability to learn features and adjust
parameters via backpropagation, demonstrating better performance than tra-
ditional feature classifiers [17]. In 2014, Zou et al. proposed converting the
image feature selection problem into a reconstruction problem in DBN for high-
resolution remote sensing image classification, achieving an overall classification
accuracy of 77% on the RSSCN7 dataset, though the running time was longer
than direct DBN-based image classification [18]. In 2016, Diao et al. combined
DBN’ s unsupervised feature learning with visual saliency advantages to effec-
tively avoid exhaustive searches on images and generate fewer bounding boxes,
enabling fast and accurate target localization. However, this method cannot
effectively detect multi-scale objects [19].

Due to their all-weather, all-day, atmospheric propagation and climate indepen-
dence, and strong penetration capabilities, increasing numbers of SAR images
are being used for land use and land cover monitoring, military reconnaissance
satellites, and other fields. However, feature selection is difficult during image
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classification. In 2014, Dou et al. first applied DBN models to urban map produc-
tion from SAR images [20]. Subsequently, Radu et al. proposed a convolutional
DBN model for feature extraction from polarimetric SAR images. DBN models
can extract higher-level features layer by layer, then extend them to polarimetric
SAR images using the feature invariance property of convolution, effectively ex-
tracting features from polarimetric SAR images. This approach achieved 88.7%
accuracy in classification verification on fully polarimetric multi-look F-SAR
images of the German Kaufbeuren airport [21].

In recent years, due to DBN’ s unsupervised learning characteristics and abil-
ity to better extract features from images, an increasing number of DBN-based
methods have been proposed for hyperspectral and high-resolution remote sens-
ing image classification. Problems such as data complexity and limited sample
sizes in hyperspectral images, fine classification and target detection in high-
resolution images, and feature extraction from SAR images will all achieve bet-
ter results with continuous improvements to deep learning models and their
integration with spatial information (texture, size, shape, location, etc.).

2 Convolutional Neural Network (CNN) Models in Remote
Sensing Image Classification

2.1 CNN Model Introduction

Convolutional Neural Networks are a type of feedforward neural network in-
spired by the biological mechanism of receptive fields. In the 1960s, Hubel et
al. proposed the concept of receptive fields through studies of cat visual cortex
cells [22]. In 1980, Fukushima proposed the first convolutional neural network,
the Neocognitron, based on the receptive field concept [23]. In 1998, LeCun et
al. successfully trained a CNN architecture using backpropagation algorithms
and applied it to image classification for the first time [24]. CNN is essentially a
multilayer perceptron, but its characteristics of local connectivity, weight shar-
ing, and spatial or temporal subsampling give convolutional neural networks a
certain degree of translation, scaling, and distortion invariance when processing
two-dimensional graphics.

A typical CNN structure consists of input layers, convolutional layers, pooling
layers, and fully connected layers. Each layer contains multiple feature maps,
with each feature map extracting one type of feature from the input through a
convolutional filter, as shown in Figure 2 [Figure 2: see original paper]. CNN
training is conducted through backpropagation and stochastic gradient descent,
updating the weights and biases of the convolutional neural network layer by
layer. Detailed procedures can be found in reference [25].

Although CNN models were proposed many years ago, they did not receive
much attention until 2012, when Krizhevsky et al. trained CNN models for
image classification in the ImageNet competition, achieving results nearly 10
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percentage points higher than the second-place team [26]. Since then, CNNs
have been widely applied in image classification, face recognition, and target
detection [27-30]. The weight sharing characteristic of CNN can reduce the
number of parameters requiring training, offering obvious advantages for pro-
cessing high-dimensional data without requiring manual feature selection. Once
weights are well-trained, features can be effectively extracted. However, CNN
also has many disadvantages: it is prone to overfitting, requires a large number
of training samples with known categories to improve model generalization, the
neural network itself is a “black box model” with unclear physical meaning, and
it involves heavy computation.

2.2 Research Progress on CNN-Based Remote Sensing Image Classi-
fication

2.2.1 CNN Models in Hyperspectral Remote Sensing Image Classifi-
cation Hyperspectral remote sensing images contain rich spectral and spatial
information. Due to CNN’ s characteristics of local connectivity and weight
sharing, some scholars have attempted to use CNN models for hyperspectral
image classification in recent years, achieving certain results. In 2015, Adriana
proposed an unsupervised neural network for remote sensing image analysis.
This method used greedy layer-by-layer unsupervised pre-training to form a
deep CNN model that obtained the spectral vector of each pixel, then used
CNN convolutional layers to extract local spectral information on the spectral
vector, and used the feature maps generated by convolution operations as input
to fully connected layers to finally complete hyperspectral remote sensing image
classification. This avoided the Hughes phenomenon and overfitting problems
caused by small samples when using supervised training methods, though it
could not effectively extract image features compared to supervised classifica-
tion [31]. Subsequently, Chen et al. proposed a supervised 3D-CNN model that
could simultaneously extract spectral and spatial features of images, combined
with regularization methods and dropout strategies to prevent overfitting and
improve model generalization capability, further enhancing classification accu-
racy [32].

2.2.2 CNN Models in High-Resolution Remote Sensing Image Clas-
sification Although deep learning CNN models have achieved excellent per-
formance in many fields, particularly in hyperspectral image research, SAR
image classification remains difficult due to complex scattering mechanisms and
random noise. Chen et al. proposed using fully convolutional networks (with-
out fully connected layers, only sparse connection layers) for automatic target
recognition and classification of SAR images, effectively alleviating overfitting
problems caused by limited samples and achieving 99% accuracy on the MSTAR
dataset, significantly outperforming traditional classification methods [33]. Sub-
sequently, Zhou et al. studied the applicability of deep CNN models in super-
vised classification of polarimetric SAR images. They converted polarimetric
SAR images into 6-dimensional feature vectors for input into CNN models for
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feature extraction and classification, achieving good classification accuracy on
airborne SAR images of the San Francisco and Flevoland regions, providing a
new approach for future polarimetric SAR image classification [34]. Recently,
Hu et al. combined hyperspectral data and polarimetric SAR data for urban
image classification, proposing a two-stream convolutional neural network to
process them. This approach can utilize both the spectral information from
hyperspectral data and the scattering mechanisms from polarimetric SAR data
to better distinguish ground objects in urban areas [35].

Recent studies show that Grant et al. proposed combining transfer learning and
data augmentation methods with deep CNN to effectively overcome the problem
of limited samples in remote sensing images [36]. Weng et al. combined CNN’
s feature learning capability with the generalization performance of extreme
learning machines [37] for land use classification in high spatial resolution images,
reducing computation compared to traditional methods while achieving good
classification accuracy [38]. With the development of deep learning, CNN has
also been continuously applied to remote sensing image applications such as road
and building extraction, target detection, and land use classification [39-42].

3 Stacked Auto-Encoder (SAE) Models in Remote Sensing
Image Classification

3.1 SAE Model Introduction

A Stacked Auto-Encoder is a deep neural network composed of several sparse
auto-encoder structural units, with network architecture shown in Figure 3 [Fig-
ure 3: see original paper|. Stacked auto-encoders are typical deep neural net-
works widely used for feature learning and representation. Parameters are deter-
mined layer by layer through greedy learning, then backpropagated from the top
layer to adjust the entire network parameters. If the topmost layer has no label
information, the learning process is unsupervised; if sample label information
is added to the top layer to adjust network parameters in reverse, the learning
process becomes supervised. Detailed details can be found in reference [43].

3.2 Research Progress on SAE-Based Remote Sensing Image Classi-
fication

3.2.1 SAE Models in Hyperspectral Remote Sensing Image Classi-
fication Hyperspectral remote sensing images have high-dimensional feature
spaces with strong data correlation and redundancy, posing significant chal-
lenges for image classification. Generally, dimensionality reduction is required
to remove redundant band information before feature extraction. Traditional di-
mensionality reduction methods for hyperspectral remote sensing images mainly
use algorithms such as Principal Component Analysis, Independent Component
Analysis, or Minimum Noise Fraction transformation to extract representative
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bands for classification. Although these algorithms effectively avoid the “Hughes
phenomenon” and improve classification efficiency, they lose rich information
contained in the original data to some extent, leading to decreased classification
accuracy.

In recent years, more researchers have adopted deep learning-based methods
for hyperspectral remote sensing image classification. In 2014, Chen applied
stacked auto-encoder networks to hyperspectral remote sensing image classifica-
tion for nonlinear feature extraction. Although this method achieved significant
breakthroughs compared to traditional methods, the fully connected layers of
SAE networks generate many parameters, requiring numerous samples for train-
ing [44]. Subsequently, Tao et al. improved the learning mechanism based on
this approach using a stacked sparse encoder model, and utilized deep learn-
ing’ s ability to process large amounts of data simultaneously and learn feature
representations common to multiple images, verifying that spectral-spatial fea-
tures learned from one image could be transferred to other related images [45].
Lv et al. proposed combining extreme learning machines with SAE to address
the problems of data complexity and limited sample sizes in hyperspectral im-
age classification [46]. Meanwhile, remote sensing image classification based
on stacked auto-encoders has gradually been applied to land use classification
[47,48].

3.2.2 SAE Models in High-Resolution Remote Sensing Image Clas-
sification As high-resolution remote sensing images are increasingly used in
practical applications, new classification methods continue to emerge. Ding et
al. proposed a new land use classification method for remote sensing images
based on SAE and validated it using GF-1 remote sensing data. Experimen-
tal results showed that compared with support vector machines and BP neural
networks, the SAE-based remote sensing image land use classification method
could achieve better results, with an overall classification accuracy of 95.5% [49].
However, auto-encoders cannot effectively solve pooling problems in image data,
and forcing a large number of redundant parameters to participate in compu-
tation makes operational efficiency low. Therefore, convolutional auto-encoders
were proposed for feature extraction from high-resolution remote sensing images.
Convolutional auto-encoders utilize the unsupervised learning approach of tra-
ditional auto-encoders combined with the convolution and pooling operations
of convolutional neural networks to achieve feature extraction, finally building
a deep neural network through stacking. In 2015, Geng et al. proposed convo-
lutional auto-encoders for classification of high spatial resolution SAR images,
which could effectively solve the problems of lacking effective feature representa-
tion and speckle noise in SAR images, though model parameter selection was a
factor limiting accuracy [50]. Recently, Gong et al. proposed combining sparse
auto-encoders, CNN, and unsupervised classification to comprehensively utilize
the advantages of all three to solve the ternary change detection problem in
SAR images. SAE is used to convert different images into appropriate feature
spaces to suppress noise and extract key change information, and the feature
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mapping learned by SAE is used as input for CNN to provide reliable pseudo-
labels for training CNN as a change feature classifier. Experiments verified the
effectiveness and superiority of the proposed framework [51].

4 Comparative Analysis of Deep Learning Models in Re-
mote Sensing Image Classification

Since the proposal of deep learning, numerous domestic and international schol-
ars have continuously improved deep learning models, achieving great success
in speech recognition, image classification, face recognition, and other fields. As
deep learning applications have made breakthrough progress in various domains,
some scholars have also applied deep learning to the remote sensing field. This
paper provides an overview of the applications of three main deep learning mod-
els in remote sensing image classification and analyzes the research status of
each model in image classification. The application of Deep Belief Networks,
Convolutional Neural Networks, and Stacked Auto-Encoder networks in remote
sensing image classification is comparatively analyzed and summarized as fol-
lows:

a) Although CNN models can be used for image classification, hyperspectral
remote sensing image classification generally requires dimensionality re-
duction before CNN can be applied due to the integration of spectral and
spatial information, high dimensionality, and nonlinear components in the
data. SAE can reduce the dimensionality of high-dimensional images and
can be combined with extreme learning machines to solve problems of
data complexity and limited sample sizes. Since DBN models can better
extract deep features from images, DBN is also introduced into hyperspec-
tral remote sensing imagery for feature extraction and image classification
to improve classification accuracy.

b) High-resolution remote sensing images have high precision and can more
accurately identify ground object information. In practical applications,
high-resolution images are generally used for target recognition and land
cover change detection. CNN can effectively obtain image texture infor-
mation and capture spatial features between pixels, giving a well-trained
CNN model significant advantages in ground object extraction. Most im-
age recognition tasks use convolutional neural networks. Additionally,
convolutional auto-encoders have potential advantages in SAR image fea-
ture extraction and image classification because they can improve the
limited feature representation and speckle noise problems in SAR images.
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5 Problems and Future Research Directions in Deep
Learning-Based Remote Sensing Image Classification

In remote sensing applications, interpreting and identifying various ground ob-
jects through remote sensing images is an important objective of remote sensing
image processing, and classification is one of the most fundamental problems
in remote sensing image information extraction. Although new deep learning
theories and methods have achieved certain results in remote sensing image
classification research, several prominent issues remain:

a)

Although DBN models can effectively extract image features, they cannot
directly extract features from high-dimensional data images. Moreover,
the network structure and parameter selection of the model need to be
optimized based on experience or experimental methods, resulting in long
computation times.

Due to limited remote sensing image samples, CNN models are prone to
overfitting during image classification, and small sample sizes also limit
the generalization capability of CNN models.

Although SAE models can achieve dimensionality reduction for high-
dimensional images, the layer-by-layer training approach makes existing
pre-training algorithms and system parameter optimization strategies
strongly dependent on labeled datasets, which is not truly “unsupervised
classification.” Moreover, as the number of hidden layers and neurons
increases, gradient sparsity becomes more severe, still leading to local
optima.

Based on these problems in current deep learning-based remote sensing image
classification, several directions deserve further research when applying deep
learning to remote sensing image classification in the future:

a)

b)

How to more quickly and accurately determine the optimal deep learn-
ing model structure and number of neural units to achieve higher remote
sensing image classification accuracy while avoiding overfitting and local
optima problems in deep models.

To address the problem of limited remote sensing data samples, methods
such as transfer learning, extreme learning machines, and data augmenta-
tion can be combined to expand sample size, effectively solving overfitting
problems caused by limited sample volume.

Deep learning models can be combined for remote sensing image classifica-
tion. For example, models such as convolutional DBN and convolutional
auto-encoders can fully leverage their respective advantages and compen-
sate for their shortcomings.
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6 Conclusion

Currently, traditional classification methods are still more commonly used in
remote sensing image classification. In recent years, with the proposal and
continuous development of deep learning, this approach has been increasingly
applied to remote sensing image classification. Although classification accuracy
has significantly improved, some shortcomings remain. To further improve clas-
sification, comprehensive utilization of various information for remote sensing
image classification is essential. This paper mainly introduced three main deep
learning models and their specific applications in remote sensing image classi-
fication, summarized the reasons limiting remote sensing image classification
accuracy and the advantages of each model, and presented research by numer-
ous domestic and international scholars on deep learning and remote sensing
image classification, along with existing problems. In the future, with the con-
tinuous development of remote sensing and computer technologies, intelligent
image interpretation will be an important trend.
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