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ABSTRACT

In order to better realize the automatic classification and change detection of remote sensing images,
this paper proposes an automatic remote sensing image classification model based on CNN and
migration learning, and constructs a remote sensing image change detection model by combining CNN
and Transformer network. In the remote sensing image classification model, DenseNet network and
Inception network are used as the backbone network, combined with the new channel attention
module to mine the image features of remote sensing images, and then realize the accurate
classification of remote sensing images. In the remote sensing image change detection model, the
convolution operation of CNN with different sizes of void rate and expansion rate is utilized to better
guide the feature map to focus on local information. Combined with the dynamic deformable
Transformer to provide more accurate remote sensing image location information and detail
information, to reduce the impact of background interference on remote sensing image change
detection, and to improve the model's ability to recognize the target of remote sensing images. The
parameter count and floating-point computation of the remote sensing image classification model are
7.69MB and 1.89GB, respectively, which are smaller than the parameter count and floating-point
computation of the single network model. The RSICD models mF1 and mloU are 1.66% and 0.58%
higher than the optimal ones. Through the effective integration of convolutional neural networks and
many different types of deep learning techniques, automated classification and change detection of
remote sensing images can be realized.

Keywords: CNN, transfer learning; transformer network, attention mechanism, remote sensing image
classification

1. Introduction

Remote sensing image classification refers to the process of distinguishing and categorizing different
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objects or features in remote sensing images. In the traditional remote sensing image classification
method, the pixel-level classification method is often used, i.e., each pixel is classified into different
categories according to its reflectance or radiance value [1-4]. This method is simple and intuitive, but
has a large error, especially for the classification of complex features and mixed pixels. Therefore, in
recent years, the automation of remote sensing classification has become the main development trend,
and this method can more accurately reflect the spatial characteristics and distribution of features and
improve the accuracy of classification [5-8].

In addition to image classification, remote sensing technology can also be applied to change
detection. Change detection refers to the comparison and analysis of multi-temporal remote sensing
images to detect changes in features and environment [9-10]. Change detection in remote sensing
images can help people to understand the land use change, the impact of natural disasters, urban
expansion and other phenomena, so as to take appropriate measures to adjust and manage in time
[11-13]. At present, change detection methods are mainly categorized into image-based and object-
based methods [14]. Element-based methods are mainly used to detect changes between elements, i.e.,
comparing the differences in reflectance or radiance values of elements at the same location in two
remote sensing images to determine whether the features have changed [15-18]. This method is
simple and intuitive, but the matching requirement between pixels is high, and the effect of change
detection is limited for complex features and mixed pixels [19-20].

As an important branch of modern surveying and mapping technology, remote sensing technology
is more and more widely used in the field of geographic information [21-22]. Remote sensing image
classification and change detection methods play a key role in surveying and mapping technology,
which can help people better understand and utilize the information of the earth's surface, and the
automated remote sensing image classification and change detection by convolutional neural network
is of great significance to the development of this field [23-26].

Literature [27] proposed CE-CNN to classify high-resolution remote sensing images and compared
MLP and conventional CNN, emphasizing that the classification accuracy of this method is better than
other methods and has less distortion and erroneous results at land cover boundaries. Literature [28]
proposed a CNN-based classification method for high-resolution agricultural remote sensing images,
which has a very high correct rate in crop classification and provides a reference for the application of
CNN in PA remote sensing. Literature [29] proposes a depth-patch based CNN system suitable for
medium resolution remote sensing data. It outperforms pixel-based CNNs, patch-based neural
networks, etc. in terms of overall classification accuracy. It is believed that combining it with a large
amount of medium-resolution remote sensing data can realize a large range of land cover datasets.
Literature [30] explored the use of localized description of deep convolutional features and feature
encoding. Hellinger kernel and PCA were introduced and two aggregation strategies were proposed.
It was revealed that Hellinger kernel, PCA and two aggregation strategies can improve the
classification performance. Literature [31] used CNN architecture to classify substances in
multispectral remote sensing images. The RUNet model that outperforms other models in remote
sensing image classification is proposed. The potential of the method for applications such as land use
monitoring is emphasized. Literature [32] proposed an accurate classification method for high
resolution remote sensing images based on improved FCN model. The method has significant
improvement in accuracy compared with existing methods, and its applicability to multi-resolution
image classification is strong. From the above research results, it is easy to see that convolutional
neural network has been commonly used in remote sensing image classification, but unfortunately,
“automated classification of remote sensing images” has not yet received attention from academics,
and the automatic classification of remote sensing images based on convolutional neural network has
not been mentioned.

Literature [33] aims to present a review of existing deep learning based change detection algorithms
for HR remote sensing images, outlines the issues that must be addressed to improve the performance
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of the model by utilizing HR remote sensing images for change detection, and proposes research
directions in this area. Literature [34] proposes BIT to efficiently model context in the spatio-temporal
domain. The model outperforms several state-of-the-art CD methods, including outperforming
attention-based methods in terms of efficiency and accuracy. Literature [35] describes supervised,
unsupervised and semi-supervised deep learning techniques for different change detection datasets
such as multispectral, hyperspectral, etc. And their challenges are discussed to understand the context
of change detection datasets and deep learning model improvement. It is informative for the future
development of CD methods. Literature [36] proposed new spatio-temporal attention-based neural
network and designed CD self-attention mechanism to model the spatio-temporal relationships of
diachronic images, emphasizing that the method is superior to other state-of-the-art methods.
Literature [37] launched a systematic review and meta-analysis of deep learning algorithms in remote
sensing image change detection. A deep learning based approach for remote sensing image change
detection is presented. Promising new directions are identified for future research. Literature [38]
proposed NestNet to improve the accuracy of automatic change detection task for remote sensing time
series images. In terms of accuracy, the method performs better compared to other methods. It shows
that NestNet is a potential method for change detection using high resolution remote sensing images.
It can be seen that the application of convolutional neural networks in the detection of changes in
remote sensing images is more common, and the results of its application are more obvious as far as
the current research results are concerned.

The article takes convolutional neural network as the basis and combines with the theory of transfer
learning to construct a deep transfer learning model applied to the automatic classification of remote
sensing images. In this model, DenseNet network and Inception network are used as the backbone
network, and the improved channel attention module is combined to mine the feature map
information of remote sensing images, while realizing the automatic classification and recognition of
remote sensing images. In addition, the RSICD model for remote sensing image change detection is
constructed by combining convolutional neural network and Transformer, which pays full attention to
the edge information of remote sensing images. And the detailed information of remote sensing image
is fully extracted by the dynamic deformable Transformer module, so as to enhance the change
detection accuracy of remote sensing image. For the practical application of the above two types of
models, validation analysis is carried out with different types of datasets, which lays a new research
foundation for automatic classification and change detection of remote sensing images.

2. Basic theoretical knowledge

With the rapid development of remote sensing technology, the resolution of remote sensing satellites
is getting higher and higher, more and more spectral bands, and the revisit cycle is getting shorter and
shorter, and people can get more useful data and information from remote sensing images. The
concepts of remote sensing big data, remote sensing base model, and smart city have been put forward
one after another in recent years, and the application of massive remote sensing data puts forward
higher requirements for the intelligent extraction technology of remote sensing image information.
Remote sensing image classification method, as an important part of the intelligent extraction
technology of remote sensing image information, has important practical application significance in
the fields of land use land cover, land resources survey, natural disaster observation, agricultural yield
estimation, forestry protection and so on. With the rapid development of deep learning technology, big
data, and big models, remote sensing image scene classification has achieved a series of brand-new
results and faces new opportunities and challenges.
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2.1. CNN and migration learning

2.1.1. Convolutional Neural Networks. A basic convolutional neural network structure usually
contains 3 layers, which are input layer, hidden layer, and output layer. The implicit layer in turn
contains 4 parts, which are convolutional layer, pooling layer, fully connected layer, and activation
function [39].

1) Convolutional layer is the key to the design of the entire convolutional neural network (CNN),
mainly through the linear operation of feature extraction and feature mapping, so it is also called the
feature extraction layer, the structure is usually a combination of convolution, the parameters mainly
contain the size of the convolution kernel, the number of convolution kernels, the step size, the padding
method and so on. The computation of the / feature map oflayer / is expressed as:

dos(Z e o)

ieM;

Where [ is the number of layers where the convolutional layer is located, & is the convolutional

kernel, b is the bias, f is the activation function, Mj is the input feature map, x,.l*1 is the ith
feature map of the /—1thlayer, k,j is the convolutional kernel connected between xil_1 and xj,and
B isthe bias of x!.
2) The pooling layer usually appears after the convolutional layer, and the main task is to filter the
output image of the convolutional layer, downsize the output features after the convolutional layer,
reduce the size of the feature maps, simplify the computational complexity, save the computational
cost, and at the same time, prevent the occurrence of overfitting. Common pooling methods mainly
include maximum pooling and average pooling. The computation of the /th feature map of the lth
layer is represented as:

xj. =f (wfj -down(xjfl)+b;) (2)

Where M/j is the pooling parameter of xj-, xj-fl is the Jth feature map of layer /—1, down() is
the pooling function, also known as the downsampling function, and b,-l is the bias of X,.

3) The fully connected layer is generally in the last layer of the neural network, connecting each neuron
to the neurons of the previous layer of the network, and calculating the feature information extracted
by integrating the convolutional and pooling layers. And classify the higher order invariant features of
the input, output the high level features of the image, and finally use the classifier to calculate and get
the final output, which is the probability of the category label corresponding to the input image. It can

be expressed as:
vi=fWx +b) (3)

Where, W, isthe weight of the neuron, f is the activation function, % is the input of the neuron,
b, is the biasand ), is the output of the neuron.

4) The role of the activation function is to be able to add some nonlinear factors in the neural network
to solve complex problems, and the common activation functions are Sigmoid function, tanh function,
ReLU function.

In the choice of activation function, when the gap between the features of the data to be processed
is small, the Sigmoid function is preferred. When the gap of data features to be processed is large, tanh
function is more applicable. When the Sigmoid function and tanh function are used as the activation
function, it is necessary to normalize the last input, otherwise the activation value will enter a fixed
interval, and the output of the hidden layer will be close and lose the essential feature expression. The
ReLU function, on the other hand, does not have to perform this operation, and the above phenomenon
does not occur.
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2.1.2. Transfer Learning Theory.In the remote sensing image automated classification scene, the
amount of existing data is far from enough, so training a brand new deep neural network model is not
suitable for the high-resolution remote sensing image automated classification task, and adopting the
strategy of migration learning to build the scene classification model is a better choice. Figure 1 shows
the difference between migration learning and traditional deep modeling methods. The migration
learning method utilizes the similarity between the data, tasks and models of two task systems, for
example, if their inputs are the same as images, speech or others, the source and target domains can
be used for knowledge transfer; such as applying the trained model structure and parameters in the
source task to the new task. In this case, the source task has a huge amount of data and trained models,
and the new task has only a small amount of data [40].

Different task Source task New Quest

l L 1]

Leamning || Learning || Learning
model model model

Learning

Knowledge model

Fig. 1. The migration learning method is different

The basic principle of transfer learning is that deep CNNs are transferable. The image features
learned at the first few layers of the deep network model are generally features that can be generalized.
For example, image edges and colored patches, etc., while at deeper levels of the network model,
image-specific features are learned. If the input data for two research objectives and tasks are closer,
similar generic features can be extracted and migration learning will give good results.

There are two general ways to use migration learning, one is Fine-tune, which replaces the randomly
initialized network weights of your own model with the parameters of the trained model, and then use
the dataset of the project you are working on to re-train the model and fine-tune the parameters of the
model. The other is Fixed Feature Extractor, which freezes all the convolutional layers of the pre-
trained network, does not participate in parameter updating, and only serves as a feature extractor,
and then trains the final fully connected layer. In this paper, we use the migration learning method to
train the neural network model, and migrate the model structure and parameters trained with the
trained model to the problem of automated classification of remote sensing images, to extract the deep
features of remote sensing images.

2.2. Attention Mechanism Theory

2.2.1. Channel Attention.The essence of the channel attention mechanism is to assign trained weight
coefficients to the feature maps of each channel of the feature map group by means of spatial
compression [41]. The channel attention mechanism can dynamically assign larger weight coefficients
to the channel feature maps that contribute more to the recognition task, while assigning smaller
weight coefficients to the channel feature maps that contribute less to the recognition task, so as to
achieve the effect of highlighting important information and suppressing irrelevant information. For
an input feature map X ={x1,x2,...,xn}, through a network layer with attention, the output feature
map X with attention is calculated as follows:
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_ eXp(Ww'xi )
S exp(#,x,) (4)
i=1
X =S wx (5)
i=1

where W, isthe attention weightand W, is the parameter in the network layer with attention.

The input feature map is first compressed in the spatial dimension using global average pooling,
from the C*H*W data dimension is compressed into a C*1*1 one-dimensional vector, which is trained
on each element of the vector through an excitation structure consisting of 2 fully connected layers.
The trained one-dimensional vector is multiplied by the Sigmoid function to compress the vector
elements to between (0,1) and the original feature map in the channel dimension to realize the weights
assigned to each channel feature map.

2.2.2. Spatial attention.The spatial attention mechanism is able to model the importance of the
spatial dimensions of the feature map, and to assign attention in the width and height dimensions of
the data [42]. Specifically, for inputs of dimension (C,H,W), where C is the channel dimension, H is the
height of the feature map, and W is the width of the feature map. Spatial attention is concerned with
the importance of the data in the H and W dimensions, while for different channel features in the same
spatial region, spatial attention treats them as equally important. The computational expression for
the spatial attention mechanism for each channel dimension feature map is:

F, . = Broadcast(Attnl] F,) (6)

out

Where F, €l 7€ and F el P denote the input and the output feature maps weighted by
spatial domain attention, respectively, C denotes the size of the channel dimension, Amm e ™"
denotes the spatial domain attention mask weight, each element denotes the importance of a spatial
location, ! denotes the Hadamard product operation of the matrix, and Broadcast denotes the
broadcast mechanism. It can be seen that the dimensions of Amed”” and F, 0™ are
inconsistent and cannot perform the Hadamard product operation, so the broadcast mechanism
should be applied when realizing the spatial self-attention, thus realizing the assignment of the spatial

domain of the feature map.

2.2.3. Mixed Attention. Channel attention generally forms a hybrid attention module with spatial
attention. With spatial attention, the important information in the original image can be converted into
a spatial representation. This approach focuses attention on focused spatial regions and ignores
unfocused irrelevant regions by generating weight values. The spatial interactions of features can be
obtained and can be adaptively calibrated according to the spatial dimensions. The hybrid attention
module that combines channel attention and spatial attention in a cascading combination in a channel-
first-spatial order makes it easier to obtain cues that are most favorable to the output, but its pixel-
level multiplication operation greatly increases the number of parameters in the network. This
attention process can be represented as:

F=M.(F)®F (7)
F' =M (F)®F (8)

where [ isthe original input of the feature, M . denotes the one-dimensional channel feature, F’
is the feature outputted by the channel attention mechanism, M denotes the two-dimensional
spatial feature, ® is the pixel multiplication operation, and F" is the final input feature. Where
M. and Mg are shown below:
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M (F)= f(mip(AvgPool(F))+mip(MaxPool (F)))
arAUAUA SRR AUATN)) (9)

ang

M (F) = (/.o ([AvgPool(F); MaxPool(F)]))
=S e (Fngs F D)

Where, Favg is the average pooling operation, £, isthe maximum pooling operation, W isthe
weights, f.,. isthe convolution process and f is the activation function.

(10)

2.3. Transformer Network

CNNs are commonly used to extract deep features from images, and because the size of its convolution
kernel is fixed, CNNs can extract local detail features well, but CNNs lack the ability to extract global
contextual features and cannot establish long distance dependencies. In order to solve this problem,
Transformer network is proposed, which is mainly used in the field of natural language processing to
deal with the task from sequence to sequence.Transformer network is mainly divided into three parts,
namely, input module, encoder and decoder.In the input module, the sequence data is encoded in
position, which is because Transformer does not have the position information of the sequence data.
So additional position coding information needs to be introduced. In the encoder, a coding block is
formed by a multi-head self-attention and a feed-forward neural network using residual connections,
and N coding blocks are used to extract the feature information of the input data. In the decoder, a
decoding unit is composed of a multi-head mask self-attention, a multi-head self-attention and a feed-
forward neural network utilizing residual connections, and the decoder is composed using N decoding
units, linear layers, and SoftMax functions [43].
1) Location coding module. Transformer network model is a sequence-to-sequence end-to-end model,
its input data is serialized data, but its network structure does not have the operation of obtaining the
location information of the sequence data, so it is necessary to additionally obtain the location
information of the sequence data through the constructed location encoding module.
2) Multihead Attention Module. Multihead attention module is the core module of Transformer
network model, and the multihead attention mechanism is composed of multiple self-attention
mechanisms.

In the multi-head attention module Q, K, V are query vector, key vector and value vector respectively,
which are usually the input of the model or the output of the previous encoding module in Transformer,
and it can be expressed as:

Attention(Q,K,V) = SoﬁmaX(Q—K)V (11)

N

The multi-headed attention mechanisms Q, K, and V first pass through multiple linear operations,
then through h self-attention mechanisms, and then through a linear layer after cascading them
together again. Where h denotes the multiple heads of attention, that is, the number of self-attention.
The multiple heads of attention are denoted as:

MultiHead(Q, K, V) = Concat(head,, head, )W° (12)

Parameters are not shared between modules in the Transformer network model, so rich global
features can be learned.

3. Automatic remote sensing image classification model

With the gradual maturation of remote sensing imaging technology, remote sensing image scene data
with higher resolution continue to appear, and the research on remote sensing image scene
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classification methods has received extensive attention. As remote sensing scene images are
characterized by large intra-class diversity and high inter-class similarity, the task of high-resolution
remote sensing image scene classification faces great challenges. In addition, high-resolution remote
sensing image scene classification methods are of great significance in urban planning, military target
identification, and disaster assessment. Therefore, remote sensing image scene classification has
important theoretical research significance and application value. Currently, deep learning and CNN
are widely used in the field of computer vision, which makes the accuracy of target detection, semantic
segmentation and image classification greatly improved. Therefore, introducing CNN into the
automated classification of remote sensing images is a hot spot in the research of land scene
classification.

3.1. Remote Sensing Image Classification Model

3.1.1. Backbone network selection

1) DenseNet network. The basic structure of DenseNet is a dense block Dense Block and a transition
layer Transition Layer.The basic structure of Dense Block is BN-ReLU-1x1 Conv-BN-ReLU-3x3 Cony,
and each Dense Block is connected to each other by Transition Layer. The basic structure of Transition
Layer is BN-ReLU-1x1 Conv-Average Pooling (2x2).

Dense Block is an important part of DenseNet, which is a continuous layer composed of multiple
convolutional layers. In DenseNet, each Dense Block is connected to all the previous Dense Blocks, thus
enabling very tight feature extraction and information transfer.The main purpose of Dense Block is to
increase the depth and width of the network while using the idea of dense connectivity to enhance
feature reuse and gradient flow.

The Dense Block in DenseNet consists of multiple densely connected layers, and the output of each
densely connected layer is passed to the next densely connected layer, resulting in a network with
strong feature extraction and feature reuse capabilities. Assume that the input image feature is X,
and as it passes through the 7 -layer DenseNet network, each layer performs a nonlinear
transformation #,(.). Layer ” consists of the feature mappings of all the previous convolutional
layers, assuming that the input feature mappings oflayers0to n—1 are connectedas X,...X,_.Thus,
the 7 -layer DenseNet network has nx(n+1)/2 connections, and the output of layer 7 is
characterized as X, =H ([ X,------ X, —1]). where X, is the current layer 7, [X,--- X,,] is the
concatenation of the mappings obtained from layers 0 to n—1,and F,(.) is a composite function of
the batch normalization (BN) and the corrected linear unit (ReLU).

In DenseNet, Transition Layer is an intermediate layer connecting two dense blocks. It has two main
roles, one is to reduce the dimensionality of the feature maps, due to the large number of channels in
the feature maps in the dense blocks, this can lead to a large computational burden and memory
consumption in the later stages of the network. Therefore, the transition layer can reduce the
dimension of the feature map by using pooling layer or 1x1 convolution to reduce the computational
complexity and memory consumption. Secondly, to control the complexity of the model, the size of the
feature graph and the number of channels may keep increasing during the training process, which will
lead to the increasing complexity of the model. The transition layer can control the complexity of the
model to make it easier to train and optimize.

2) Inception Network. The Inception network performs parallel operations on different convolutional
operations on the same mapping and then connects all the results to a single output. That is, each layer
of the model performs a 3*3 convolution operation, a 5*5 convolution operation, and a 3*3 maximum
pooling operation, and it is up to the next layer of the model to decide how and whether to apply each
piece of information. In this way, the computational cost of the Inception network will increase
dramatically. Because not only the 5*5 convolutional operation itself has a high computational cost,
but also the different filters stacked side by side will increase the number of feature maps in each layer
accordingly, in addition, the output of the pooling operation is equal to the number of feature maps
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inputted from the previous layer is also an important factor to increase the computational cost.
Therefore, the model used in this paper is the improved Inception network, which adds a 1*1
convolution operation for dimensionality reduction where the computational load is large, so that the
neurons of the input feature maps are fully connected to the newly added 1*1 convolution layer. The
computationally heavy 3*3 and 5*5 convolution filters are then accessed so that the number of
connections is reduced to a manageable number of 1*1 convolutions.

3.1.2. New channel attention.In order to make the features extracted by the DenseNet121 model
more discriminative, a new channel attention module (MECANet) is introduced into the DenseNet121
model. The design of this module draws on the previous design ideas of channel attention and the CAM
module in CBAM. That is, the ECANet module adopts a one-dimensional convolutional layer to replace
the fully connected network composed of two fully connected layers to capture the nonlinear
dependencies between different channel feature vectors, which reduces the computational complexity
of the channel attention module and realizes more effective utilization of different channel feature
vectors.The CAM module takes the global average pooling value and the global maximum pooling value
as the global spatial information descriptor on each channel feature vector. It is conducive to capturing
channel feature vectors that are more effective than using a single pooling value as the global spatial
information descriptor for the automated classification of remote sensing images, thus facilitating the
subsequent automated classification of remote sensing images.

Global pooling is performed for feature vector X ofinputsize HxWxC in spatial dimension. In
order to extract the valuable channel feature vectors more perfectly and to reduce the loss of spatial
feature information in the compression process, three spatial information descriptors Xavg,Xmax,Xsm
of size 1x1xC are obtained using global average pooling, global maximum pooling, and global
random pooling, respectively. i.e:

1 H W
X0 = X G j, ¢=0,1,..C
: HxW;; (0, ) (13)
X =max,. X.(0,)), ¢=0,1...Cl<j<W (14)
X = multi X (11 ey X)) HX;‘V(H’W) ,c=0,1,...C (15)

H W H W >

22X XXX P X))

i=l j=1 =l j=1 i=1 j=1

where H,W,C denotes the height, width, and number of channels of feature vector X, respectively,
X, XM X" denotes the global average pooling value, the global maximum pooling value, and the
global random pooling value of the feature vector on the ¢ th channel, respectively, and multi(-)
denotes polynomially distributed randomness sampling.

In order to avoid the problems of the fully connected network's dimensionality reduction operation
affecting the channel attention prediction and the inefficiency of capturing the nonlinear dependencies
among all channel features. A one-dimensional convolutional layer is used instead of the fully
connected network to obtain nonlinear dependencies between feature vectors across channels

without dimensionality reduction. Then:

X, =comlD,W,X,.) (16)
X =comlID.(W, X,.) (17)

Xg, =comlD(W,X,,,) (18)

sto
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avg,X;X,X;O represents the feature vectors of different spatial feature information
descriptors after passing through the one-dimensional convolutional layer, respectively, convlD(*)
represents the one-dimensional convolutional operation, k represents the number of channels
realizing the cross-connection, and W represents the one-dimensional convolutional kernel
parameters.

The three feature vectors extracted by fusing the one-dimensional convolutional layer containing
the nonlinear dependencies of the channels are then obtained by the Sigmoid activation function to
obtain the normalized channel weight coefficient matrix W,;,, and then the weight coefficient matrix
is convolved with the feature vectors X to obtain the channel attention-weighted feature vectors

XMECA . Then:

Where X

= (Xl + X[+ X,) (19)

Waikca vg

Xygea = conv(Wype,, X) (20)

where o(-) denotes the formula for the Sigmoid activation function and conv(*) denotes the two-
dimensional convolution operation.

3.1.3. Classification model framework.In migration learning, instead of training the model in the
target domain from scratch, the network is first trained using a large-scale training dataset, i.e., within
the source domain. Secondly, a part of the network trained on the source domain is transferred as a
part of the new network designed in the target domain. In this paper firstly the feature extraction
module of the network is trained on the source domain i.e. ImageNet dataset to obtain the weights,
then the weights obtained from the pre-training are loaded into the new network instead of the
random initialization of the weights, the classification layer of the original network is removed and
replaced with a new classification layer. Finally, the remote sensing dataset is input for training.

Subsequently, for the automated classification of remote sensing images in the source domain, this
paper constructs a remote sensing image classification network model (DI) based on the new channel
attention, whose specific structure is shown in Fig. 2, consisting of a feature extraction module, a global
pooling layer, a splicing layer and a classifier.
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Fig. 2. Overall architecture of the DI network

The feature extraction modules include DenseNet feature extraction module, which consists of
multiple Dense Blocks plus channel attention.Inception feature extraction module, which consists of
multiple Inception Blocks plus channel attention. The channel attention layer is added to add weights
to the output feature maps. The global pooling layer takes the feature maps extracted by the DenseNet
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feature extraction module and the Inception feature extraction module and performs global maximum
pooling to obtain feature vectors with dimensions of 1024 and 2048, respectively. The channel splicing
layer splices the two feature vectors into a new feature vector of 3072. The classifier puts the obtained
3072-dimensional feature vector into the SoftMax classifier for classification. The feature extraction
module of the model is pre-trained using the ImageNet natural dataset and the obtained weights are
migrated over before the subsequent training on the remote sensing dataset.

3.2. Experimental environment and evaluation indicators

3.2.1. Experimental environment design.The experimental data used in this chapter are from the
remote sensing image dataset RSSCN7, which is a commonly used dataset for remote sensing image
scene categorization, in which there are seven categories of data, including Grass, Field, Industry,
RiverLake, Forest, Resident and Parking, and there are Grass, Field, RiverLake, Forest, and also Industry,
Resident and Parking, which represent the natural factors with a wide coverage, RiverLake and Forest,
and also Industry, Resident and Parking, which represent the scenes of human production and life, and
are characterized by wide coverage. The pixel of each image is 500*500, and there are 500 images for
each category, totaling 3000 images. The experiment in this chapter is to set up this dataset according
to the ratio of 8:2 for the training set and the test set, that is, there are 7 categories totaling 2400
images in the training set, and 7 categories totaling 600 images in the test set as well.

The experiments in this chapter are built on the basis of the Windows 10 flagship edition system
with the TensorFlow deep learning framework, with the GPU processing environment of CUDA9 and
CUDNN7, and the experiments in this chapter are conducted under the cooperation of various
hardware and software conditions, and its specific hardware and software environment configuration
is shown in Table 1.



4734 WU ET AL.

Table 1. Experimental hardware and software environment configuration

Experimental environment Concrete configuration
CPU i3-10560k CPU, 4.28HZ
Hardware
i GPU NVIDIA Tesla K20c GPU
environment
Memory 64G
Operating system Windows 10 64 bit
Software Algorithm integration framework TensorFlow-GPU
environment Programming language Python
GPU processing frame CUDA9 and CUDNN7

3.2.2. Selection of evaluation indicators.Four commonly used metrics, namely Overall Accuracy (OA),
Average Accuracy (AA), Kappa Coefficient (Kappa), and Confusion Matrix (CM), are used to
quantitatively assess the performance of automated classification of remote sensing images.

1) Overall accuracy. Defined as the number of all correctly classified images divided by the number of
the entire test dataset. It is a direct measure that reveals the classification performance on the entire
dataset. It can be expressed as:

N,

i

0d=—"
N, +N,;

(21)

Where N, and N, denote the number of correctly and incorrectly categorized samples. oa
denotes the performance of the model in predicting image categories, ranging from 0 to 1.
2) Average accuracy. It means the average prediction accuracy per category and can be described as:

1 n C
A4==Y =1
. le N (22)

where C; is the number of correctly categorized samples in category i, N, isthe number of total
samples in category i,and 7 isthe number of categories.

3) The Kappa coefficient is a metric used to measure classification accuracy. Its calculation formula is:
P, P.

Kappa = 1=, (23)

e

where p, is the sum of the number of correctly classified samples in each category divided by the
total number of samples, i.e., the overall classification accuracy.

Assuming that the true number of samples in each category is @,,4,,...a. respectively, and the
predicted number of samples in each category is b,,b,,...b, respectively, and the total number of
samples is 7, we have:

pe:alxb1+a2xb2+---+ac><bc 24)

nxn

4) The confusion matrix is a specific table layout to visualize the classification results for each remotely
sensed scene class. Each row in the CM represents the predicted category, the total number of data in
each row indicates the number of data predicted for that category, and the value in each row indicates
the number of real data predicted for that category. Each column represents the true class to which
the data belongs, and the total number of data in each column represents the number of data instances
in that class.
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3.3. Remote Sensing Image Classification Experiment

3.3.1. Classification Model Training.In order to realize the automated classification of remote
sensing images, this paper constructs a remote sensing image classification network model based on
CNN and migration learning, combined with DenseNet121 network and new channel attention
mechanism. Before carrying out the validation of the classification model, the model is trained based
on the selected dataset as a way to ensure that the model obtains better classification results when
performing remote sensing image classification. Figure 3 shows the training accuracy and loss curves
of the DI model.

From the figure, it can be seen that since the parameters of the model are randomly initialized by
PyTorch, the accuracy in the first iteration cycle is very low, 23.46% and 27.58% in the training and
validation sets, respectively. In the next 100 iteration cycles, the accuracy of the training set increases
rapidly and the loss value decreases rapidly, and the accuracy and loss value of the test set oscillate up
and down. After the 100th iteration cycle, the change trend of the model slows down, and the
classification accuracy on the training set stabilizes at about 95.54%, while the test set fluctuates up
and down with a large magnitude in the 75th and 165th iteration cycles, and the loss value of the DI
model on the test and validation sets stabilizes after the 200th iteration cycle, at which time the model
has converged. As can be seen from the figure, the difference between the average accuracy of the DI
model in the training set and the test set is more than 22%, and the difference between the loss values
is more than 0.5. Overfitting refers to the phenomenon that the model predicts the known data very
well but the unknown data very poorly when the amount of training data is small. The DI model has a
large difference between the classification results on the training set and the test set, indicating that
the model has entered a state of overfitting.
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Fig.3. Training accuracy and loss curve of DI model

Taking the trained DI model as the basis for classifying remote sensing images of different categories
in the RSSCN7 dataset, and using the overall accuracy (OA) as the evaluation index, the specific
classification accuracies of the model on each category of the validator after the training is completed
are obtained as shown in Fig. 4.

From the figure, it can be seen that after the training is completed, the DI model has a high
classification effect on the validation set for Grass, Industry, and Parking, which are three more
homogeneous types of remotely sensed features, and the accuracy of the DI model reaches 92.73%,
91.98%, and 90.89% for these three types of scenes, respectively. The model has lower classification
accuracy for Resident and Forest with OA values of 85.12% and 88.54%, respectively. The class
inclusions of these two classes of images are highly complex and both include features such as house
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buildings, trees and roads, and are highly similar between classes. They are only categorized into
different classes due to different sparsity of features, indicating that the model has poor ability to
characterize the sparsity of features within classes. However, on the whole, the DI model designed in
this paper can realize a more accurate classification effect of remote sensing images, which can provide
reliable identification and classification results for urban planning and disaster assessment.
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92.73% 89.46% 88.54% 90.89%
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Fig. 4. Specific classification accuracy of the DI model

3.3.2. Model Comparison Validation.In order to further verify the effectiveness of the model in this
paper in the automated classification of remote sensing images, this paper carries out model
comparison experiments. GLCM, LBP, GLCM-LBP, AlexNet80, LBP-CNN, and ResNet50 are selected as
the comparison models, and the classification accuracy (Pre), average accuracy (AA), and Kappa
coefficient are used as the evaluation indexes, and the comparison results of remote sensing image
classification of different models are obtained as shown in Table 2.

As can be seen from the table, the DI model on RSSCN7 dataset improves 25.23% and 18.27% in
classification accuracy and 44.79% and 46.22% in AA and Kappa coefficient, respectively, compared
with GLCM and LBP individual features. The DI model designed in this paper gets the optimal result
among the comparison results of various models, which is due to the fact that the model in this paper
first utilizes DenseNet network and Inception network for remote sensing image feature extraction,
and then combines the MECANet attention to obtain the nonlinear dependency between different
channel feature vectors. The ability to express image information after fusion of features is better than
single feature, and different shallow features can play the role of complementary information, thus

enhancing the generalization ability and classification performance of the model.
Table 2. Remote sensing image classification of different models

Model Pre (%) AA Kappa
GLCM 65.42 0.853 0.614
LBP 72.38 0.805 0.608
GLCM-LBP 78.94 0.869 0.787
AlexNet80 76.53 0.827 0.742
LBP-CNN 84.81 0.898 0.816
ResNet50 76.86 0.831 0.753
Ours 90.65 0.924 0.889

In addition, the classification effect for the model in this paper is also visualized by the confusion
matrix, and Figure 5 shows the confusion matrix of the DI model on the RSSCN7 dataset. From the
confusion matrix, it can be seen that the classification accuracies of grassland, industry and parking
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lot are over 90%, except for the four categories of remote sensing images, namely, field, river and lake,
forest and residential area, whose classification accuracies do not exceed 90%. Among them, 5.89% of
the images misclassified in the field category were misclassified into the grass category, which is due
to the fact that the overall remote sensing image of fields is closer to grass, thus leading to the
classification error. In addition, 11.85% of the images misclassified in the residential area category
were misclassified into the parking lot category, which also affected the overall classification accuracy
of the DI model to some extent. The above results show that the traditional handmade features cannot
fully express the information of complex feature images, and cannot effectively solve the problem of
high inter-class similarity and low intra-class similarity. Moreover, after the introduction of migration
learning and new channel attention mechanism in this paper, the extraction ability of feature
information of complex remote sensing images can be significantly enhanced, which helps to better
realize the accurate classification and recognition of remote sensing features.
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Fig. 5. The confusion matrix of the DI model

3.3.3. Robustness of models.In this paper, the combination of Densenet121 network and Inception
network is selected in the backbone network of the DI model, which aims to further improve the
extraction of image features from remote sensing images, as well as effectively improve the
classification accuracy of remote sensing images. In order to verify the contribution of this network to
the model, this paper compares the performance of different deep networks. The average accuracy
(AA), the computational amount of the network (FLOP) and the number of parameters (Params) of
different network models on the RSSCN7 dataset are statistically analyzed, and their specific results
are shown in Table 3.

As can be seen from the table, the average accuracy of the DI model fused with Densenet121 network
and Inception network on the dataset reaches 92.89%, which is 1.65% and 2.04% higher than the
average accuracy of the single Densenet121 network and Inception network, respectively. And the
number of model parameters and floating-point computation volume of the fusion network
constructed in this paper are 7.69MB and 1.89GB, respectively, and the number of model parameters
is reduced by 2.04% and 4.59% compared with the single Densenet121 network and Inception
network, respectively, and the floating-point computation volume is reduced by 33.68% and 35.05%
compared with the single Densenet121 network and Inception network, respectively. 33.68% and
35.05%. Although the number of parameters and floating-point computation of the fusion network in
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this paper have a slight disadvantage compared with the Shufflenet network, based on the
consideration of the average accuracy of remote sensing image classification, it can be considered that
the performance of the fusion network designed in this paper is relatively better, and it can meet the

automated classification and recognition of remote sensing images.
Table 3. Different networks are compared to the index

Network AA (%) Params (MB) FLOP (GB)
Densenet121 91.24 7.85 2.85
Inception 90.85 8.06 291
ResNet 91.16 25.43 4.17
ResNeXt 91.27 23.61 4.36
ConvNeXt 91.38 24.87 4.28
VGG16 82.32 136.38 15.64
Shufflenet 91.91 7.51 0.72
Ours 92.89 7.69 1.89

4. Remote sensing image change detection model

Change detection determines the different processing of the same object or phenomenon according to
its observation at different times. Remote sensing image change detection is the use of multi-source
remote sensing images and related geospatial data covering the same surface area at different times,
combined with the characteristics of the corresponding features and remote sensing imaging
mechanism, and the use of image and graphic processing theories and mathematical modeling
methods, to identify and analyze the changes in the features in the geographic area, including changes
in the location and scope of the features, and the changes in the nature and state of the features. The
purpose of its research is to identify the change information of interest and filter out irrelevant change
information as interference factors. With the rapid development and application of remote sensing
earth observation technology, the system of change detection technology is also constantly developing
and evolving.

4.1. Remote sensing change detection model

4.1.1. Overall framework of the model.Effective fusion of local and global features helps to improve
the change detection accuracy of remote sensing images, CNN captures local features in remote
sensing images through convolutional operations and hierarchical feature representation, while
Transformer network realizes the extraction of global features in images through cascading self-
attention mechanism. In order to fully utilize the local details and global semantic features in remote
sensing images, this paper proposes a remote sensing image change detection network (RSICD) based
on Edge Information Guidance Module (EIG) and Dynamic Deformable Transformer (DDaT). The
overall architecture of the network is shown in Fig. 6, and the RSICD model inputs the dual time-phase
image to the weight-sharing encoder to get the difference image of each phase, and feeds it to the
decoder to finally get the change detection result.
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Fig. 6. The overall architecture of the RSICD network

RSICD feeds the local detail information extracted by the CNN into the Transformer to enhance the
global information features, thus obtaining a more excellent feature representation.RSICD adopts a
standard coding and decoding structure with shared encoder weights, which consists of two modules
cascaded by EIG and DDaT. In the coding stage, the edge integrity of the image change region is firstly
enhanced by EIG, and then the change target region is better matched by DDaT, which reduces the
negative impact of background pixels on the network accuracy. In the jump-connected difference
fusion module, the bitemporal feature maps obtained from each coding layer are first channel fused
and downscaled, and then subsequently added with the difference maps obtained through the
difference operation. This module can provide richer dual-time-phase information and solve the
problem of information loss caused by the traditional difference operation. In the decoding stage, the
difference map with rich semantic information is up-sampled and decoded by bilinear interpolation.
[tis then fed into a convolutional decoder, which consists of a convolutional layer and SimAM attention.
Different from the traditional attention mechanism, SimAM attention focuses on both the spatial and
channel dimensions of the target region, and explores the importance of each neuron by optimizing
the energy function, which is a simple and efficient attention mechanism that does not require the
introduction of additional network parameters to further enhance the semantic information. Finally,
the shallow feature information obtained from the coding layer is fused into each outputlayer to enrich
the detail information, which finally forms the codec structure change detection network.

4.1.2. Edge information guidance module.In recent years, much progress has been made in
effectively integrating edge information into CNNs, but little literature has investigated the effective
combination of Transformer and boundary information. For the change detection task, the detailed
description of boundary features can effectively improve the accuracy of change results. For this
reason, this study embeds an Edge Information Guidance Module (EIG) in the front-end of each DDaT
to extract the features of remote sensing images.
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The designed EIG has convolutional operations with different sizes of nulling and swelling rates. The
purpose is to capture features with more receptive fields and thus refine the edge features. For feature
map X e[] ©", L denotes the channel dimension.

First, the EIG needs to perform convolution operations with different nulling and expansion rates
for X .Batch normalization and nonlinear activation functions are also needed after each convolution
operation, which are intended to make the model more stable to avoid gradient explosion or gradient
vanishing. The formulas are described below:

x; =R (B(Conv(k,d, p)(X))) (25)

where i denotes the number of layers, k& denotes the kernel size, d denotes the null rate, and 7
denotes the expansion rate. B denotes batch normalization. R denotes the ReLU activation
function. When i=0, only the convolution operation with convolution kernel 1 is performed, i.e.,
k=1. And at this time, the null rate and the expansion rate are not set, i.e, d=0,p=0. When
i=[1,2,3,4], k=3 is set uniformly, and d =[1,2,4,6] as well as p=[1,2,4,6] are set respectively.
Then, the feature maps with different receptive fields can be obtained in this study
x el 7”’”',1- €[0,1,2,3,4], respectively. % is able to effectively capture the building change regions at
different scales. r is the channel attenuation rate, which can reduce the number of parameters of
EAM and reduce the computational burden.

Next, the feature maps need to be aggregated by performing channel dimension concatenation on
% After performing 1x1 convolution operation and linear activation function on the aggregated
feature maps, the attention confidence W can be obtained. W The weight redistribution of the
feature maps can be realized, thus effectively guiding the feature maps to focus on local information.
The enhanced feature map is able to recognize significant change regions and suppress irrelevant
background. The specific formula is described as follows:

w=¢&(Cat(x,)) (26)
X =X®(XOw) (27)

where Caf(-) denotes concatenate. Conv,, denotes convolution operation with convolution kernel
1. & denotes Sigmoid activation function. ® denotes element multiplication. @ denotes
elementwise addition. The feature map X with boundary enhancement can be obtained by using v
to perform multiplication and addition operations on the original feature map X .

4.1.3. Dynamic deformable Transformer.After completing the feature extraction, this paper,; in order
to further suppress the interference information in the complex background and improve the accuracy
of foreign object target detection, this paper designs the Dynamic Deformable Transformer decoder,
which dynamically generates the position query to provide more accurate positional and detail
information, reduce the impact of the background interference on the target detection, and improve
the model's ability to recognize the target.

The cross-attention layer in the DDaT module is a basic module for updating queries by aggregatiné
the image context. Attention weights are obtained by calculating the similarity between the query
and the keys K and values 4 generated from the image features, and the formula for cross
attention is as follows:

Crs - Attention(Q, K, V') = soft max [ oK ] V (28)

VD

where Qe ™" denotes the query, ] denotes the real number space, N is the number of
queries, and D is the dimension of the vector. Each query O consists of a content query O, anda
location query O,. The image features K, and its location encoding K, together form the key
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K el ™P . value V el ™" contains the feature information in the image. Both the content part and
the location partof O and K help to compute the attention score.

In order to enhance the model's focus on important regions, this paper introduces dynamic focus-
aware location queries in the cross-attention computation process, which dynamically generates
queries containing location information by aggregating the location encoding K, of the previous
decoder block, which is denoted as:

O, =h(A"K' +B) (29)

where ¢ istheindexofthe ?nd Transformer decoderblock, A4’ is the cross-attention score from the
t—1 th Transformer decoder block, Be(]"” is the learnable network parameters, and #(-)
denotes the mapping module, consisting of a two-layer multilayer perceptron. The bias term B
represents the original randomly initialized learnable location query. By generating the location query
in this dynamic way, more accurate location information and local details can be provided to the query.
In order to make the model better able to detect and segment these fine targets, this paper also uses
a high-resolution cross-attention HRCA layer to mine the detail information in the high-resolution
feature map and optimize the segmentation results. In the high-resolution cross-attention layer, it is
first necessary to obtain the cross-attention score at low resolution 4, . Then, its corresponding cross-
attention score at high resolution is computed by the bilinear up-sampling operation

» =S (4) Finally, the top k pixels with the highest scores in “# are merged into the set € for
the high-resolution cross-attention, which is computed as follows:

HRCA(Q,K,V,Q) =soﬁmax(QKTjV (30)

D

where K =g(K,Q),V =g(V,Q), & are indexing operations to generate K and V' basedon Q
selecting vectors from K and V respectively.

4.2. Data sets and evaluation indicators

4.2.1. Data set selection.In this paper, the algorithm is applied to the remote sensing image change
detection task, and two open-source high-resolution (building) remote sensing image change
detection datasets are used as the experimental datasets to validate the effectiveness of the algorithm
designed in this paper, which are the LEVIR-CD dataset and the S2Looking dataset.

1) LEVIR-CD dataset. The LEVIR-CD dataset is a high-resolution remote sensing image change
detection dataset, which is mainly satellite data of urban areas obtained from Google Earth, mainly
through mapping satellites to ensure high resolution and geometric accuracy. The dataset contains
31,352 independent examples of changing buildings, captured from 2000 to 2019, all from different
areas of different cities. The size of each of these images is 1024x1024, the spatial resolution is
0.5m/pixel, the image format is PNG image, and each set contains three images, which are the image
of time-phase I, the image of time-phase II, and the real change map.

2) S2Looking data set. The S2Looking dataset is a building change detection dataset containing large-
scale side-looking satellite images. This dataset mainly targets rural areas captured by surveillance or
reconnaissance satellites through different off-zero angles, mainly from satellites such as GF, SV, BJ-2,
etc. The use of vortex imaging can obtain better imaging range and shorter period, representing more
challenging change detection problems. The dataset contains 5000 dual time-phase image pairs with
more than 65,980 building change instances. Among them, each image size is 1024x1024 with a
spatial resolution of 0.5-0.8 m/pixel. The time span is from 1 to 5 years, and the image format is 8-bit
PNG map.
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4.2.2. Selection of evaluation indicators.In this paper, five common change detection metrics are
used, which are precision (P), recall (R), mean F1 score (mF1), and mean intersection and merger ratio
(mloU). These five metrics are calculated as:

P=(P+P,)/2

R=(R +R,)/2

mE1=FR /(P +R)+F.R, /(B +R,)

mloU =TP [ (TP+ FP+FN)+TN /(N + FN + FP)

(31)

where, where P, and £,. represent the accuracy of detecting changing and unchanging regions,
respectively. TP, TN, FP and FN represent the number of true positives, true negatives, false positives
and false negatives, respectively. For all metrics, larger values indicate better performance.

4.3. Remote Sensing Image Change Detection

4.3.1. Model comparison experiments.In order to evaluate the performance of RSICD model in
performing remote sensing image change detection, this paper compares it with FC-EE FC-Siam-Diff,
FC-Siam-Conc, STA-Net, IFN, SNU-Net, BIT, ChangeFormer on LEVIR-CD and S2Looking datasets. Table
4 shows the performance comparison results of different models on different datasets.

The quantitative results show that mF1 and mloU outperform the optimal model by 1.66% and 0.58%
on the LEVIR-CD dataset. On the S2Looking dataset P, mF1, and mloU are 5.11%, 2.32%, and 3.91%
higher than the optimal model, respectively. The CNN-based method is unable to obtain the precise
localization of the change target due to its limited sensory field, which leads to the crippling of the
extracted change region. Although the Transformer-based method can localize the change region, it
does not have enough edge detail information, resulting in unclear edges to the extracted change
region. The RSICD model designed in this paper has both the global feature extraction capability of
CNN and the local feature extraction effect of Transformer. Because of the combination of global and
local information, it can accurately localize some irregular shapes and large scales while retaining
enough edge information, and the RSICD model realizes primary-advanced feature alignment, so it can
accurately extract the features of “region of interest” even in the background of the big difference in
the style of the two-time-phase remote sensing images. “The RSICD model realizes primary-advanced
feature alignment. In the LEVIR-CD dataset, the change samples are all regular shaped houses, but
other methods have the problem of incomplete extraction of some irregular shaped change samples.
The RSICD model can well avoid this problem, and its unique global-local feature representation can
not only accurately locate the position of the change samples, but also retain enough edge information.
In the S2Looking dataset, the change samples are usually irregular and widely varying scales of house
buildings, and other methods can well recognize the change samples with smaller targets, but the
extraction of some large-size change samples is incomplete. The RSICD model can well avoid these
problems and can accurately identify not only small-size change samples but also large-size change
samples in a complete way.
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Table 4. Performance comparison results of different models (%)

LEVIR-CD S2Looking
Model
P R mF1 mlOU P R mF1 mlIOU
FC-EF 86.92 80.15 83.41 71.82 72.63 82.74 61.05 43.99
FC-Siam-
Diff 89.54 83.36 86.32 75.93 59.65 65.73 62.57 45.51
1
FC-Siam-
91.98 76.79 83.69 71.98 66.41 54.26 59.78 42.56
Conc
STA-Net 83.82 91.04 87.25 77.45 67.84 61.69 64.51 47.68
IFN 94.06 82.95 88.14 78.72 67.89 53.98 60.16 42.94
SNU-Net 89.19 87.21 88.19 78.72 60.65 72.81 66.21 49.47
BIT 92.06 88.84 90.42 82.46 88.43 84.96 86.72 76.53
Change
89.27 89.35 89.34 80.69 68.37 70.19 69.35 52.95
Former
RSICD 93.31 89.94 90.57 82.94 92.95 83.74 88.73 79.52
4.3.2. Model efficiency analysis.The purpose of this paper is to achieve high accuracy detection of

remote sensing image changes and reduce the computational complexity. Therefore, this paper
analyzes and compares the network on the LEVIR-CD dataset from multiple perspectives, including
floating-point operations (FLOPs), the number of parameters (Params) and the F1-score, and still
chooses the previous models as a comparison, and obtains the results of the computational efficiency
of the different models as shown in Table 5.

It can be seen that the FLOPs and Params of the RSICD model are lower than the number of
parameters and computational complexity of the Change Former network that replaces the EIG
module with the traditional self-attentive SA, and the F1 of the RSICD model is the highest at 90.63%,
which verifies the validity of the proposed EIG module.FC-EF, FC-Siam-Conc and FC-Siam-Diff use
fewer feature extraction layers and the number of channels in the last layer is less, resulting in a
smaller model. However, when confronted with more complex remote sensing image change detection
problems, their feature extraction capabilities are weak, resulting in low accuracy and poor robustness.
The other networks can obtain relatively good accuracy, but the computation and model size are large.
Compared with these networks, the RSICD model not only greatly reduces the number of parameters
and model size, but also achieves the best remote sensing image change detection performance.
Therefore, combining CNN with Transformer can better extract the feature changes of remote sensing
images and provide a reliable model support for realizing the change detection accuracy of remote
sensing images.

Table 5. Comparison results of the calculation efficiency of different models

Model Params (MB) FLOPs (GB) F1-score (%)
FC-EF 0.86 2.68 83.59
FC-Siam-Diff 1.04 4.05 82.26
FC-Siam-Conc 0.89 3.42 85.61
STA-Net 7.45 18.53 87.43
IFN 43.93 50.37 87.84
SNU-Net 7.52 18.59 87.45
BIT 6.95 8.46 89.16
Change Former 6.31 9.18 89.87
RSICD 4.87 5.21 90.63

4.3.3.

Model ablation experiments.To validate the effectiveness of the modules, this paper conducts
ablation experiments on the LEVIR-CD dataset to explore in depth the application of different module
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combinations. The underlying network adopts the Siam-UNet codec structure and omits the EIG (E),
DDaT (D) and SimAM (S) modules to simplify the network. When evaluating the model performance,
the F1 score is used as a comprehensive evaluation index, with higher values indicating better model
performance and reflecting the overall performance more accurately. The experimental results show
that the proposed module is effective and robust to the change detection algorithm, providing strong
support for the practical application of remote sensing image change detection. Table 6 shows the
results of the model ablation experiments.

The experimental results on the LEVIR-CD dataset fully verify the effectiveness of the proposed
network module. By introducing the Edge Information Guided (EIG) module, the network receptive
field is significantly enlarged and the ability to capture multi-scale context information is enhanced,
which improves the F1 score of the model by 4.31 percentage points compared to the Base network.
The addition of the Dynamic Deformable Transformer (DDaT) module further improves the model
performance by learning the global context and extracting deep features, which improves the F1 score
by 2.32 percentage points compared to the Base network, while the introduction of the SimAM module
significantly improves the model accuracy and accelerates the convergence process, which results in
an increase of 0.74 percentage points in the F1 score. In addition, adding the DDaT or SimAM module
to EIG improves the F1 score by 4.37 percentage points and 3.98 percentage points, respectively.
Finally, the combination of the three modules has a higher F1 score of 6.48 percentage points
compared to the Base network, which fully demonstrates the superiority of the proposed network
modules and their combinations. These improvements not only enhance the model performance, but

also provide more reliable technical support for remote sensing image change detection.
Table 6. Results of the experiment of the model ablation (%)

EIG DDaT SimAM 10U F1 P R

Base x x x 72.75 84.15 90.84 78.54
Base+E v x x 79.23 88.46 89.45 87.42
Base+D x N x 73.68 86.47 88.97 81.06
Base+S x x N 76.11 84.89 89.75 83.37
Base+E+D v v x 79.48 88.52 89.23 87.93
Base+E+S v x v 78.76 88.13 85.87 90.53
Base+D+S x v v 75.68 86.16 87.64 84.64
Ours v v v 82.69 90.63 88.96 92.28

5. Conclusion

The article proposes an automatic remote sensing image classification model based on CNN and
migration learning, and constructs a remote sensing image change detection model by combining CNN
and Transformer network. Different types of datasets are used to carry out validation analysis for the
effectiveness of the remote sensing image automatic classification and change detection model.

1) The DI model on the RSSCN7 dataset improves the classification accuracy by 25.23% and 18.27%,
and the AA and Kappa coefficients by 44.79% and 46.22%, respectively, compared with the GLCM and
LBP individual features. And the number of parameters and floating-point computation volume of the
fusion network model are 7.69MB and 1.89GB, respectively, which are smaller than the number of
parameters and floating-point computation volume of the single network model, and the model
computation efficiency is faster and has better robustness.

2) The RSICD models mF1 and mloU designed in this paper are 1.66% and 0.58% higher than the
optimal models on the LEVIR-CD dataset. On the S2Looking dataset P, mF1, and mloU are 5.11%,
2.32%, and 3.91% higher than the optimal model, respectively, and the RSICD model has the highest
F1 of 90.63%. The combination of edge information guidance and dynamic deformable Transformer
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can better explore the change characteristics of remote sensing images and provide reliable technical
support for the accurate realization of remote sensing image change detection.
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