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Abstract: Natural hazards are considered to have a strong link with climate change and human
activities. With the rapid advancements in remote sensing technology, real-time monitoring and
high-resolution remote-sensing images have become increasingly available, which provide precise
details about the Earth’s surface and enable prompt updates to support risk identification and
management. This paper proposes a new network framework with Transformer architecture and a
Residual network for detecting the changes in high-resolution remote-sensing images. The proposed
model is trained using remote-sensing images from Shandong and Anhui Provinces of China in 2021
and 2022 while one district in 2023 is used to test the prediction accuracy. The performance of the
proposed model is evaluated by using five matrices and further compared to both convention-based
and attention-based models. The results demonstrated that the proposed structure integrates the
great capability of conventional neural networks for image feature extraction with the ability to obtain
global context from the attention mechanism, resulting in significant improvements in balancing
positive sample identification while avoiding false positives in complex image change detection.
Additionally, a toolkit supporting image preprocessing is developed for practical applications.

Keywords: change detection; Vision Transformer (ViT); remote-sensing image with high resolution;
convolutional neural networks (CNN); self-attention mechanism

1. Introduction

The occurrence and severity of natural disasters, such as floods, droughts, sea level
rise, landslides, heat or cold waves, etc., are considered to have a strong link with climate
change and human activities [1-3]. Climate change tends to alter the characteristics of
these hazards, while human infrastructure can amplify or reduce the potential risk of
them [2,4,5]. For example, due to rapid urbanization and economic development, human
activities such as excavation, occupation, building, and road construction can increase
flood risk by altering the flow routine during rainfall events [6]. Therefore, enhancing
supervision is one of the most effective approaches to reducing anthropogenic influence by
promptly identifying and monitoring these behaviors [7]. With the rapid advancement in
remote sensing technology, real-time monitoring over the targeted regions can be achieved
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without manual inspection efforts. In particular, high-resolution remote-sensing images
have become gradually available, which can provide precise details about Earth’s surface
conditions at a fine scale and allow for rapid updates in observations to support risk
assessment of natural hazards [8,9]. By using the monitoring images, the changes of
human infrastructure can then be detected, where the risky behaviors can be identified.
However, how to deal with remote-sensing images with high resolution accurately and
effectively is still challenging. One of the most significant problems is that although high
resolution enhances finer spatial details for object recognition, the sensitivity to illumination
conditions and occasional interruptions also increases during the procedure of image
collection. Additionally, the remote-sensing images usually tend to be large-sized and
require segmentation, resulting in inconsistency, particularly at the boundaries.

To identify the changes of the objects based on images, several methods have been
proposed and widely applied to various fields related to engineering and environment
monitoring for several decades such as image differencing [10], principal component analy-
sis [11], image fusion [12], thresholding techniques [13], and object-based detection [14].
The typical steps of these methods usually involve an initial preprocessing of input images
by carrying out normalization to mitigate the impact of variations in illumination and colors.
Then, pixel-based calculations and transformations are performed using approaches such
as the histogram of oriented gradients [15] and the scale-invariant feature transform [16].
Finally, image features are extracted while changes can be detected by calculating the differ-
ences between pixels. However, simple normalization is insufficient to effectively mitigate
disturbances such as illumination and sensor noises during collection. These basic steps
fail to extract the deep semantic features embedded within the images by disregarding the
contextual information as they focus more on detecting the pixel or regional-level changes
or differences [17]. Moreover, the values of the parameters governing the change detection
within these methods are usually defined manually, which greatly relies on the expertise of
modelers and the entire process can be time-consuming.

With the great improvement in calculation computation capacity, new technologies
such as deep learning have demonstrated their potential in pattern recognition and feature
extraction [18-20]. Different from the conventional methods, deep learning models can
achieve a higher detection accuracy via automatic training by using sufficient labeled data;
the features of the images can then be identified and extracted. There are many deep
learning methods for extracting spatial information features of images. Most recent studies
employ convolutional neural networks (CNNs) to deal with large datasets for feature
extraction [21-24], which are also very popular in the field of remote-sensing image change
detection such as dual attentive fully convolutional Siamese networks (DASNets) [25],
triplet-based semantic relation networks [26], deep feature difference convolutional neural
networks [27], dual-task constrained deep Siamese convolutional networks [28], deeply
supervised image fusion networks [29], and many networks based on the U-Net struc-
ture [30-32], to name a few. Additionally, to optimize the spatial information within the
images, several deep frameworks are developed to reduce the information loss [33,34],
which can be combined with CNNs for classification and pattern recognition. However, as
a CNN is primarily designed for extracting the local features, when dealing with large-sized
images, it shows limitations in perceiving global information such as long-range spatial
and temporal relationships among features in the context.

To obtain the contextual information, some attention-based approaches have been
proposed in the past several years such as channel attention [28,29,35-37], spatial atten-
tion [28,29,35] and self-attention [25,36,38]. By incorporating them, the performance of the
network structure based on bitemporal features becomes generally better than the effect of
channel-wise concatenation [38—-40]. In particular, the Vision Transformer (ViT) [41,42], as a
new self-attention structure for computer vision, has gained remarkable achievements in
language processing and other Al-related fields. The basic idea of this structure is to follow
the multi-head attention with a feed forward network (FFN) where the global contextual
information can be obtained by the multi-head attention and interact channel-wise.
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Since the high-resolution remote-sensing images contain numerous geographical
details of the monitoring objects, which are usually spatiotemporal, nonstationary, large-
sized, intricate with high dimensions [43], it greatly challenges pattern recognition by using
conventional CNNs. Not only the local features of images but also their global interaction
in the context is essential for improving the performance of pattern recognition and change
detection. To contribute to this knowledge, in this paper, we propose a new, hybrid CNN-
ViT framework named ResNet18+Transformer for detecting changes from high-resolution
remote-sensing images. This model framework incorporates the Vision Transformer into
a CNN and renovates the layer structure to leverage the advantages of ViT in capturing
global features and CNN’s expertise in local features. The data collected for model training
are remote-sensing image samples from Shandong Province and Anhui Province of China
with a resolution of 2 m. The training samples are divided into two phases: images captured
at the same location in the years of 2021 and 2022, where manual marks are made to identify
the changes in buildings, river channels or pipelines, newly constructed roads, and large-
scale alterations resulting from human activities such as excavation, occupation, dumping,
or surface damage. The trained model is further applied to detect the changes in Yaohai
District by using the remote-sensing image of 2023, where the accuracy and efficiency are
evaluated. Additionally, to support the remote-sensing images and result processing and
increase the practical applications, we also design a toolkit for automatic image processing
including image cropping, result splicing, and vector conversion.

The remainder of this paper is organized as follows: Section 2 describes the devel-
opment of the framework of the hybrid CNN-ViT model proposed for building change
detection while the details of the case are explained; Section 3 describes the demonstration
case for detecting changes in two provinces of China by applying the proposed mode;
Section 4 discusses the performance and flexibility of the proposed mode. Finally, the
conclusion is given in Section 5.

2. Methodology

Figure 1 presents the framework of the hybrid CNN-ViT model deep learning model
developed for detecting changes from the remote-sensing images filled with complex
details by capturing the differences between the two phases of images. The overall architec-
ture illustrated in Algorithm 1 consists of three main components of the framework, i.e.,
initial feature extraction, Transformer-based network development, and Prediction Head
construction, which are elaborated in the following subsections.
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Figure 1. The framework of the ResNet18+Transformer deep learning model for change detection.
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Algorithm 1. The overall architecture of the ResNet18+Transformer deep learning model for
change detection

1: Input:Input! :Imagellnpu’tzzlmage2

2: Load pretrained ResNet-18 network and feature extraction
3: Feature! = ResNet18(Image')

4: Feature? = ResNet18(Image?)

5: function Tokenizer(Feature!, Feature?)

6: Tokens' <~ CNN + pool(Feature')

7 Tokens? < CNN + pool (Feature?)

8: Tokens < Merge(Tokens!, Tokens?)

9: end function

10: function TransformerEncoder(Tokens)

11: Initialize Transformer encoder layers

12:  Tokens < Merge(Tokens', Tokens?)

13: Tokensy,y + SelfAttentionAndFeedforward (Tokens)
14: Tokens,,,, Tokens?,,, < Split(Tokens.;)

15: end function

16: function TransformerDecoder(Tokens).,.,, Tokens?,.,)

17: Initialize Transformer decoder layers
18: K., VL., < Linear(Tokens., )
19: K2,,, V2., < Linear(Tokens2,,,)
20: Q', Q? « Linear(Feature!, Feature?)

21: Tokens!,,,, Tokens?,,, < CrossAttentionAndFeedforward (K, Q, V)
22: end function
23: function PredictionHead(Tokens}.,,,, Tokens?,,,)

24: Initialize decoding layers
25: Feature),,,, < Decode(Tokens}.,,,)
26: Feature?,,, < Decode(Tokens?,,,)

27: ChangeMap < Abs(Feature},,, — Feature?,,,)
28: ChangeMask < ConvolutionalNetwork(ChangeMap)
29: end function

The first step of the modelling framework is to extract the features from two images
to be compared, using a pre-trained ResNet-18 network (more details can be found at
https:/ /download.pytorch.org/models, (accessed on 23 March 2024)). By implementing
this, the two images (Image! and Image?) are transformed into certain corresponding
feature tensors, e.g., Feature! and Feature? with the size of H x W x C (height x width
x number of channels) where the superscript number indicates different images. These
feature tensors contain the substantial, basic visual information of the images, which serves
as the input of the transformer-based network.

The second step is to construct the new, transformer-based network for extracting deep
features from these tensors. (Feature! and Feature?) by taking the context into account. This
step incorporates the self-attention mechanism to carry out context-aware feature transfor-
mation and employed a semantic Tokenizer to downsample the image features. It generates
the sequences Tokens! and Tokens? with the size of L x C. Then the sequences from the two
images are merged into one single sequence with the length of 2L. The merged sequence
is fed to a Transformer Encoder, where the multiple-layer self-attention mechanism and
feedforward neural networks are applied to generate a new sequence Tokenspew Where
the context information is fully involved. Then the new sequence is split back into two,
i.e., Tokensl,,, and TokensZ,, of Image! and Image?, which are mapped to the decoded,
context-aware image features Feature!,, and Feature2,,, by using a transformer decoder.

The last step is to build the Prediction Head for converting the context-aware features
Tokens!.,, and Tokens2,., to the change mask which can be used to represent the changing
area in the images. It can be achieved by subtracting the two decoded image features,
where their absolute difference is taken to generate the feature map. This map is then input
to a fully convolutional network consisting of two 3 x 3 convolutional layers and batch
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normalization and a pixel-level change mask are generated and highlighted back to the
images, where the change area is detected.

2.1. Initial Feature Extraction

During the first step of image feature extraction, we incorporate a residual network
ResNet-18 into our framework to mitigate the issues of gradient vanishing and degradation
commonly found in deep learning models [44]. The inclusion of the ResNet-18 aims to
enhance the model capacity for complex task training and performance maintenance,
given that remote-sensing images usually encompass abundant information with high
dimensions. The fundamental architecture of ResNet-18 usually comprises convolutional
layers, residual blocks, and fully connected layers; however, the fully connected layers are
excluded in our framework where the result from the residual blocks is directly fed to the
tokenizer. The developed structure of ResNet-18 is presented in Figure 2.

maxpool

Tokenizer

Figure 2. ResNet-18 architecture developed for the model framework.

The core of the ResNet-18 is the four residual blocks where each involves convolution
operation, batch normalization, and activation. The input of the residual block are the
feature tensors X that are initially extracted from a simple convolution; the first convolution
layer of the residual block transformed X using an 3 x 3 kernel and 1 x 1 stride (see
Equation (1)) and applies the ReLU (Rectified Linear Unit) on it.

Conv(X,W) = X*xW (1)

where W denotes the parameters of the current convolutional kernel and * indicates the
convolution operation which was used for the initial feature extraction.

Then batch normalization is followed to facilitate the convergence of training and
enhance the model stability, which can be written as:

’

BatchNorm(X) = ¥ X v+ B )

where X' indicates the output feature tensor of the upper the convolution layer, y and &
denote the mean and standard deviation of the features, and y and 8 denote the scale and
shift parameters of batch normalization, respectively.

Similar to the abovementioned, a convolutional layer with a 3 x 3 kernel followed by
batch normalization is applied in a repeated manner (see Figure 2). The output of these
is added to X then applied to the ReLU, which is called skip connection. This connection
enables the direct transmission of the information (i.e., the feature tensors) to mitigate the
risk of information loss during deep network training; the equation can be written as:

Residual(X) = F(X) + X (3)
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where F(X) represents the output of the multiple convolution operation and batch normalization.

2.2. Transformer-Based Network

Figure 3 presents the architecture of the Transformer-based network we developed;
the details of each module are presented below.
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Figure 3. The structure of the transformer-based network.

2.2.1. Tokenizer

After applying ResNet-18, we extract semantic information from the feature tensors by
developing a Tokenizer and the tensor Feature' is transformed into Tokens Tokens’ where i
indicates the ith image. The Feature' is the output of ResNet-18 with the size of H x W x C,
where H and W indicate the height and width of the feature map and C is the channel
dimension of the feature. A convolution operation for the pixel is applied to Feature’ using
akernel W € RC*L, resulting in a feature denoted as ¢(Feature’; W). Feature' is normalized
through a softmax function ¢(-) and an attention map Attmap’ € R#W*L is generated,
with all the elements summing up to 1.0. Then the map Attmap' is element-wise multiplied
by the down-sampled feature gb(Featqrei ; W), and the calculation result is unfolded into
a line sequence called Tokens Tokens' (see Equation (4)). It should be noted that Tokens
incorporate positional weights that represent distinct semantic regions within the image.
The two Tokens Tokens' and Tokens” from both images are merged into one sequence
Tokens as the input of the Transformer Encoder.

Tokens' = (Attmap') Feature’ 4)

2.2.2. Transformer Encoder

In order to capture the contextual information of the image and integrate it into feature
tokens, the self-attention mechanism is employed in the developed Transformer Encoder
which includes 4 layers and runs 4 times to generate the new, context-aware sequence
Tokens;,oy.

Since the positioning of the elements in the sequence was significant, we first incor-
porate a positional encoding method to Tokens, which is set to be trained concurrently
with the entire network. Then the positional encoding of each element is subsequently
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appended to the sequence Tokens, resulting in Tokens encompassing position information
which is also the residual to be added to the third layer.

Tokens,,s = Tokens + Positional Encoding (5)

Different from the conventional Transformer, we set up the first layer of the encoder
as layer normalization to enhance the stability of the network (see Equation (6)).

Tokensos —
X = LayerNorm (Tokens,) = ~OKeNSpos — 1

- Y +B (6)
where p and ¢ denote the mean and standard deviation of Tokens,,s, v and f3 are scale and
shift parameters, respectively.

Then three different linear mappings are applied to obtain the Query (Q), Key (K),

and Value (V) of the sequence X which are inputs of the second layer.

Q:X.WQ
K =X -Wg (7)
V=X-Wy

where Wy, W, and Wy are the weight matrices of Q, K, and V, respectively.

The second layer is the multi-head self-attention layer to capture the global relationship
among elements of the sequence. To enhance the explicability of network, the Q, K, and V
are firstly split into multiple attention heads by multiplying their weight matrices.

Q,=Q -Wg
K, = K- Wg, (8)
Vi=V-Wy,

where 1 denotes the index of the attention head, and W, 5, Wk j,, and Wy, , are the weight
matrices of each head.
Then for each attention head h, we compute the dot product between Q and K, and

normalize it using the softmax function to obtain the attention scores a!:

T
zxil = softmax (Qh\/(%h)> )

where d; indicates the dimension of K.
And the result of each head is obtained by performing a weighted sum with V, using
the attention scores “54 as weights (see Equation (10a)). Therefore, the result of the multi-

head attention Z is concatenated each head Z; by using Equation (10b).

Z = Concat(Zy,Zy,...,Zy) (10b)

where 1,2, - - - , H denote the number of attention heads.
Then, the skip connection is followed by adding the residual from the positional
encoding Tokensy,s to the Multi-head attention Z multiplied by a weight matrix WO,

O = Z - WO + Tokens s (11)
p

The next layer of the Transformer Encoder is again a layer normalization that needs to
be performed on O; the results of layer normalization are directly input into a multilayer
perceptron (MLP).
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The MLP aims to enhance the interpretability of the model and comprises a skip
connection with two linear transformation layers where a Gaussian Error Linear Unit
(GELU) Activation function is applied. The calculation in MLP can be written as:

Tokens = GELU(LayerNorm(O) - W1) - W, + O (12)

where W1, W, are two learnable weight matrix with the dimensions of C x 2C and 2C x C,
respectively; thereby, the result is a line sequence with the length of C. And the GELU

activation is calculated as GELU(X) = 1X (1 + tanh (\/Z (X +0.044715X3 ) ) ) where

X is LayerNorm(O) - Wj.

The four layers are then iterated four times, resulting in the final output, denoted
as Tokens,;, that contains abundant semantic information from both input images, in-
corporating regional and global features. This enables us to understand the relationships
and changes between the images. Tokens,;, is further split into Tokens,,,, and Tokens2.,,
which are the new features of Image! and Image?.

2.2.3. Transformer Decoder

To translate the features with contextual details into a change mask which is further
utilized to mark the regions of change in the original images, we add a Transformer Decoder
for each image feature, which contains four layers accompanied by two skip connections.
The Decoder’s layers are similar to the Encoder, except for the attention mechanism being
cross-attention in the Decoder.

The first layer of the Decoder is the layer normalization where the original features
Feature! and Feature? of the two images Image! and Image? are processed to generate the
Query Q' by using Equation (13).

Q' = Feature' - WZQ (13)

where W’Q is the weight matrix of linear transformation and 7 indicates the different images.
Meanwhile, the Key and Value of the feature sequence are generated from the output
feature of the Transformer Encoder, i.e., Tokens! and Tokens? (see Equation (14)).

i_ i i
K' = Tokens,,,, - Wi

) / 14
V! = Tokens!,,,, - Wy, (14)

where W’K and le are the weight matrices for linear transformation of K’ and V', respectively.

Then Q’, K’ and V' are input to the second layer of the multi-head cross-attention by
using Equation (15); the details of the calculation can refer to Equations (8)—(10), where
Z! is the result of the layer:

Z' = Attention (Q" K, V") (15)

Followed by a skip connection, the original feature Feature’ is added to Z' before
feeding to the layer normalization and MLP.

O' = Z' - WO 4 Feature' (16)

Similar with the process in the encoder, firstly O is processed by layer normalization
then input into the MLP with two linear layers and GELU activation; finally, the result is
obtained by adding back to O’ (see Equation (16))

Feature!,,,, = GELU(LayerNorm(O') - W!) - W}, 4 O 17)
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where Feature! ., and Feature2,,, are decoded versions of the context-aware features of
both images and input to the prediction head to generate the change mask.

2.3. Prediction Head

The Prediction Head aims to convert the context-aware features Feature!,,,, (in our
case, Feature,.,,, and Feature?,,,) to the change mask for representing the changing regions
detected in two images.

Firstly, Feature),,,, are mapped to the decoded image features Feature;red via a de-
coding operation that includes linear transformations and deconvolutions. Then two
decoded image features were subtracted and the absolute result is regarded as a change
map DiffMap.

DiffMap = Feature}]red — Featuref,red (18)

And DiffMap is fed into a fully convolutional network that contains two 3 x 3 convo-
lutional layers and batch normalization layers. This step generates a change mask at the
pixel level.

ChangeMask = ConvolutionalNetwork(DiffMap) (19)

The binary mask ChangeMask is finally the changing region between the two remote-
sensing images detected by the proposed framework.

2.4. Performance Evaluation

To evaluate the accuracy of the changing region detection, the output of the proposed
framework is compared with the manually marked regions, where their difference can
be estimated via the loss function based on the pixel-wise cross-entropy loss (h, w); the
cross-entropy loss [45] could be calculated as:

Hy Wy
L= . Y ) (ChangeMaskj, ,, - 1og(Py,;) + (1 — ChangeMask, ;) - log(1 — Py 5,)) (20)
Ho x Wo ;=1 5= ' ' ' '

where, Hy and Wy represent the height and width of the input image segment and
ChangeMask,, ,, is the ground truth mask whose boundary is the same as the manually
marked change region but filled with a binary value of 0 or 1. It indicated whether the pixel
(h, w) belongs to this changed region. And it indicated the probability of the belonging.
Additionally, to evaluate the capability of this proposed framework, we employed five
commonly used metrics including Precision, Recall, F1-score, Intersection over Union (IoU),
and Overall Accuracy. Precision [46] of the network can be regarded as the proportion
of the true positives (see Equation (21)). In this case, the true positive (TP) refers to the
accurate detection, indicating the number of changed pixels correctly identified as changed.
Conversely, the False Positive (FP) denoted the incorrect identification of unchanged pixels
as changed.
TP
TP + FP

Recall [46] evaluates the model capacity to identify whether the model can detect all
actually changed pixels. It can be calculated as the ratio of the TP to all pixels that have
actually changed, including both the TP and those falsely identified as unchanged (known
as False Negative; FN).

Precision = (21)

P
TP + FN
However, consistently high levels of precision and recall in practice are difficult to
achieve. Thus the Fl-score is proposed as a measure that combines both precision and
recall, with a higher value indicating an optimal balance between these two matrices. The
calculation of the Fl-score is as follows [46]:

Recall = (22)

Precision x Recall
F1 — =2 23
score x Precision + Recall (23)
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IoU measures the degree of spatial overlap between the predicted and ground truth
change regions, with a higher value indicating the superior performance of the model. It is

calculated below [47].
TP

" TP+FP+EN

Overall Accuracy evaluates the model’s ability to predict both changed and unchanged
regions, which in this case can be calculated as the ratio of the sum of the TP and TN to the
total number of pixels (see Equation (25)). TN is the true negative, indicating the number
of unchanged pixels correctly identified as unchanged.

IoU (24)

TP + NP

Overall Accuracy = Total Number of Pixels @)

2.5. Image Preprocessing Toolkit

Image processing is essential for change detection of remote-sensing datasets, as they
are typically large-sized while the default input size for the model is fixed and the results
of change map require consistency in projection coordination and spatial range with the
original images. To support image processing automatically, we developed a toolkit and
more details can be found at https://github.com/yaoshunyu9401/CD_toolkit (accessed on
23 March 2024). The toolkit includes three modules named image cropping, result splicing,
and vector conversion.

The module of image cropping aims to segment the original image into the small
sample with a size of 256 x 256 in order to be compatible with the developed model
framework. As the spatial information is important for the change detection, each sample
must have the individual geographical index. To achieve this, the module defines the
spatial coordinate of each sample according to the original image and the index indicating
the location was generated and linked to each sample when implementing segmentation.
The module of result splicing is to splice the small samples based on its spatial index and
reconstruct them back to a complete image. This is usually carried out after the model
prediction is finished and the ChangeMask for each sample is generated. Since the output
of the model is a 256 x 256 binary image, the last step which is the third module is to
convert the binary format to the vector by employing a Python package called “GDAL”,
which aims to calculate the area of the changing regions.

3. Demonstration Case
3.1. Data Collection and Processing

The remote-sensing images used for the model framework training were collected
during two phases; the data were provided by the Monitoring Center of Soil and Water
Conservation, Ministry of Water Resources of the People’s Republic of China. The satellite
platforms for remote-sensing images are mainly GF and ZY series, with a spatial resolution
of 2 m, specifically Phase Iin 2021 and Phase Il in 2022, encompassing a total of 26 significant
districts and counties within two provinces of China, i.e., Shandong and Anhui Provinces
(see Figure 4). The Phase II demonstrates the target situation while the Phase I is the past
situation served as a reference for the changes.

Before feeding the images to the proposed modelling framework, several steps are
implemented with the collected images in order to increase the efficiency of the network
training and reduce uncertainty. As the remote shooting angles cannot remain constant and
some disturbances are inevitable during the collection process, the position of objects such
as buildings, roads, and rivers can be different. Therefore, we firstly checked the spatial
consistency of these images and transformed them into the same format and projection.
To achieve this, the metadata of two phases images were read to adjust the geospatial
coordinates. Then we segmented the images based on the political boundaries of districts
and counties (see Table 1), and the objects with changes in Phase II compared to Phase I,
i.e., the changing samples, were marked manually. To address the need of monitoring to
conserve water and soil and prevent floods, the most concerns in the demonstration case
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were focused on the changes in buildings, river channels or pipelines, newly constructed
roads, and large-scaled alterations resulting from human activities such as excavation,
occupation, dumping, or surface damage. Regarding the changing samples whose shape
or location was changed, the boundary of the changing areas was marked while for the
ones that newly appeared, the whole boundary was marked. Table 1 presents the changing
samples extracted from the two provinces.
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Figure 4. The regions of the remote-sensing images.

Table 1. Manual annotation and collection list of change detection training samples.

Province

District/County Number of Changing Samples Administrative District Area of the

District/County(km?)
San-Shan District 49 289.33
Shou County 36 2949.76
Yi-Jiang District 87 168.61
Da-Tong District 94 304.02
Hua-Shan District 115 181.12
Ying-Jiang District 150 202.02
Lang-Ya District 221 225.32
Feng-Yang County 267 1936.02
Bo-Wang District 74 338.79
Anhui Province ShaShan District 557 651.75
Chang-Feng County 343 1838.69
Lu-Jiang County 187 2343.57
Chao-Hu City 216 2030.39
Jing-Hu District 50 115.18
Jiu-Jiang District 233 870.48
Wu-Hu County 235 649.28
Fan-Chang County 198 629.55
Nan-Ling County 127 1260.65
He-Kou District 149 1850.09
Guang-Rao County 151 1147.82
Wei-Cheng District 201 287.50
Shandong Province Han-Ting District 341 1253.83
Tai-Shan District 144 339.65
Dong-Ping County 66 1338.56
Mou-Ping District 85 1508.46

Finally, the changing samples were cropped into multiple small segments via the
toolkit, each with a size of 256 x 256, which were the inputs of the model. Additionally, we
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applied the toolkit to remove the interference samples which were located in unchanged
regions and label the changed samples to enhance the efficiency of the training process.
The input dataset of the model contained 2960 samples in total and was divided into three
sets for training, validation, and testing, respectively. The division ratio of them was 7:2:1.
The training set involving the majority of the samples served as the basic data for training
the proposed ResNet18+Transformer model. The validation set representing 20% of the
samples served as an intermediary checkpoint during the training, while the remaining
10% was the test set to evaluate the model capacity.

3.2. Training Result of the Proposed Framework

As mentioned above, the training of the proposed network model framework is took
in the module of image cropping to segment the samples of Phase I and II with the size of
256 x 256, which have manually marked change regions on them. In order to minimize
the overall loss, the training process was accompanied by an optimization algorithm that
was used to adjust the network weights until the accuracy rate of the model converged to
a high level. In this case, we utilized the stochastic gradient descent (SGD) algorithm for
iterative learning, with the following settings: an initial learning rate of 0.01, maximum
epochs of 200, linear decay for learning rate decay, every ‘step_size” epochs for learning
rate decay step, and a learning rate decay rate of 0.1. The training process was conducted
on an NVIDIA GeForce RTX 4090; the mean F1-score on the training set and validation set
over the epochs is presented in Figure 5.

—— Training mean F1l-score
—— Validation mean F1-score

0.9

0.8

0.7 1

Mean Fl-score

0.6

0.5 1

0 25 50 75 100 125 150 175 200
Training Epochs

Figure 5. Training and validation mean F1-score of models for train epochs.

The training was finished after 200 epochs while the validation set was used to provide
an unbiased evaluation of a model fit on the training set; the test set was used to provide
a final evaluation of the model fit. During the training process, the model with the best
fit kept updating based on its performance on the validation set, and the model with the
highest mean Fl-score in 200 epochs was selected as the final version of the model. The
metrics of the changing regions (i.e., positive samples) for evaluating the performance and
capacity of the model are presented in Table 2, where the overall accuracy of the model on
the training, validation, and test sets is 0.99269, 0.98779, and 0.98764, respectively. Figure 6
is generated to visualize the testing results of the model by randomly selecting 24 samples.
The rows of (a), (e), and (i) denote the samples of Phase 1 while (b), (f) and (j) are the
corresponding same locations in Phase 2. The change detection results are depicted in (c),
(g), and (k) respectively and (d), (h), and (I) demonstrate the ground truth which is the
real change situation. It can be observed that the proposed model predicts the changing
regions with both similar shape and size to the real situation, as evidenced by comparing
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the predictions (see Figure 6¢,g k) with their ground truth (see Figure 6d,h,1). These findings
with the evaluation matrics suggest that the proposed model performed well on the test set.

Table 2. Evaluation metrics on the training, validation, and test sets.

Overall Accuracy F1-Score IoU Precision Recall

Training set 0.99269 0.93719 0.88181 0.93913 0.93526
Validation set 0.98779 0.87812 0.78272 0.91710 0.84232
Test set 0.98764 0.86378 0.76022 0.91482 0.81813
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Figure 6. Comparison of the predicted change regions with the ground truth on the test set where the
color of white indicates the changes and black is unchanged. (a,e,i) denote the samples of Phase 1;
while (b,f,j) are the samples of Phase 2 at the same locations; (c,g k) denote the prediction by the
model while (d,h,1) denote the ground truth which the real change situation.
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Additionally, one notable observation is that compared to the ground truth which just
roughly depict the boundary of the change areas such as a changing building, the prediction
results by the proposed model are able to recognize more precise details in the edges and
boundaries of the changing buildings. This could be attributed to the incorporation of the
attention mechanism into the transformer architecture. The attention mechanism allows
the model to concentrate on relevant features in space and their relationships, enabling it
to effectively recognize the intricate details such as the building edges from the complex
context. Therefore, the proposed model presents its potential ability to detect changes
where precise details should be involved, for example, in detecting the changes in urban
areas, the building boundaries could present the accurate scope of the changing areas.

4. Discussion
4.1. Performance Evaluation

To further evaluate the performance of the proposed modelling structure, we selected
several advanced deep learning models which were applied to image pattern recognition
to detect changes, including one convolution-based model, i.e., the bitemporal-FCN [27],
and three attention-based models, i.e., the STANet-BAM [38], the STANet-PAM [38], and
the SNUNet [48]. The characteristics of these four models and the proposed model are
compared in Table 3.

Table 3. The characteristics of the four models and the proposed model.

Model

Structure Explanation

Bitemporal-FCN

CNN is firstly trained for learning the deep
features of the images.

A bitemporal fully convolutional neural Transfer learning is implemented to compose a

271 network with ResNet-18 two-channel network with shared weights to
generate the change mask
BAM is designed to facilitate the network in
Metric-based Siamese FCN-based method capturing the spatial-temporal dependency
STANet-BAM : ) o .
[38] embedded by a basic spatial-temporal between any two positions and computing the
attention module (BAM) with ResNet-18 positional response through a weighted sum of
features across all spatial and temporal positions
STANet-PAM Metric-based Slamese'FCN-I?ased method Same network as STANet-BAM but the attention
[38] embedded by pyramid spatial-temporal module is replaced by PAM
attention module (PAM) with ResNet-18 y
Fundamental structure is an UNet++ but Channel attention is applied to the features at each
SNUNet .. . level of the decoder.
combining the Siamese network and o
[48] Deep supervision is employed to enhance the
NestedUNet [49] L 1 . .
discrimination capability of intermediate features
The network is designed by incorporating a
ResNet18+Transformer CNN embedded by a renovated renovated Transformer structure based on the

Transformer with ResNet-18 Bitemporal-FCN network structure

To implement these models, we used the open-source code with the default hyperpa-
rameters and the same input datasets (i.e., same training, validation, and test sets as the
proposed model). Tables 4 and 5 demonstrate the evaluation metrics of all the models on
both the validation and test sets.

Overall, the proposed model outperformed the other four models on both the test and
validation sets. The Overall Accuracy, F1-score, and IoU of the proposed model consistently
scored higher than those of other models, which indicates better efficacy in capturing and
recognizing the changes within these high-resolution remote-sensing images. In particular,
the F1-score of the proposed model on the test set is 8.7%, 1.8%, 4.2%, and 0.8% higher than
the Bitemporal-FCN, STANet-BAM, STANet-PAM, and SNUNet, respectively. It means
that the proposed model presented a significant improvement in the balance between



Remote Sens. 2024, 16, 1169

15 of 21

identifying the positive samples (w.r.t. precision) and avoiding false positives (w.r.t. Recall),
despite not achieving the highest values for these two single metrics.

Table 4. The performance of all models on the validation set where the highest scores are marked
in bold.

Model Overall Accuracy F1-Score IoU Precision Recall
Bitemporal-FCN 0.98156 0.79285 0.65680 0.95889 0.67583
STANet-BAM 0.983 0.839 0.654 0.836 0.841
STANet-PAM 0.981 0.822 0.698 0.817 0.833
SNUNet 0.9871 0.8567 0.7495 0.8839 0.8313
ResNet18+Transformer 0.98779 0.87812 0.78272 0.91710 0.84232
Table 5. The performance of all models on the test set where the highest scores are marked in bold.

Model Overall Accuracy F1-Score IoU Precision Recall
Bitemporal-FCN 0.98182 0.77651 0.63467 0.94436 0.65933
STANet-BAM 0.985 0.846 0.733 0.836 0.856
STANet-PAM 0.983 0.822 0.698 0.807 0.838
SNUNet 0.9867 0.8561 0.7485 0.8880 0.8265
ResNet18+Transformer 0.98764 0.86378 0.76022 0.91482 0.81813

However, the Bitemporal-FCN presents the highest precision of 0.94436 on the test
set but achieves the lowest Recall of 0.65933 while the balance between them indicates by
the Fl-score was worse. It could be explained that the Bitemporal-FCN tends to act more
conservatively in capturing all the positive samples, resulting in a higher likelihood of
missing some actual positive samples.

In contrast, the proposed model leverages the advantage of the transformer structure
and enhanced the capacity to extract semantic information effectively. Additionally, the
integration of the transformer enables the model to capture the long-range dependen-
cies and contextual relationships, contributing to superior performance. Compared with
other developed attention mechanism models such as the STANet-BAM, STANet-PAM,
and SNUNet, the architecture of the proposed model demonstrates a better capacity in
extracting high-level semantic information as the interaction between the convolutional
and transformer layers enhances the model’s capability to recognize and deal with the
complex changes in remote-sensing images with high resolution.

To visualize the comparison results, 16 test results were randomly selected and pre-
sented in Figures 7 and 8. The color of white indicates the true positives that mean the real
changing regions while the color of black indicates the true negatives that mean the real un-
changed regions. All the detections are compared to the ground truth. To help visualization,
the notable comparison is marked by red and green circles. The red circles represent precise
change detection by the proposed models, whereas other models either detect additional
areas or fail to identify certain areas. And the green circles indicate in-stances where ground
truth missing marked change areas but successfully predicted by the models. As shown in
Figure 7a, the prediction results of STANet-BAM, and STANet-PAM models contain many
false positives (FP) and although the other three models have very few FP, SNUNet has
more false negatives (FNs). This is consistent with the matrices presented in Table 4, where
Precision of the STANet-BAM and STANet-PAM models on the test set is lower than the
other three models. Generally, the proposed model presents a closer shape and size of the
changing regions to the ground truth.
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Transformer

Figure 7. Visualization results of different models where the 1st and 2nd columns are two phases
of remote-sensing samples, the 3rd column is the ground truth, and the remaining columns are the
changing regions predicted by the five models. (a—h) denote 8 pairs of samples randomly selected by
the models.

However, in Figure 8d, the proposed model recognized one more building than the
other models except the SNUNet. The reason is that this building is missing marked in
the ground truth samples but it can be clearly seen in Image 1 and 2. It can be concluded
that the proposed model and SNUNet have better extrapolation and robustness. Moreover,
in Figure 8b,d f,g, STANet-BAM, and STANet-PAM models mark the boundary of the
changing building overlapped with the adjacent objects if in close proximity. It results in
the low Precision although Recall can be compensated to a certain extent. The proposed
model can somehow overcome this problem by avoiding too many false negatives when
Precision is high.

By comparing the performance of the proposed ResNet + Transformer model with the
FCN-based and UNet-based models in detecting changes from high-resolution images, it
is important to note that the image resolution can impact the applicability and detection
accuracy of these deep learning methods. Since the receptive field of CNNs is determined
by specific sizes of convolutional kernels and pooling layers, an image with finer resolutions
contains numerous information where the actual receptive field of CNNs becomes relatively
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smaller. By incorporating transformers, the proposed structure enables capturing global
semantic information within the context, thereby compensating for the limitations of CNN-
based models. Therefore, the proposed model is less sensitive to image resolution, and
demonstrates superior capability in dealing with high-resolution images or cases involving
varying resolutions compared to the FCN-based and UNet-based models.

ResNet18+
Transformer

Image2 Ground Truth Bitemporal-FCN  STANet-BAM  STANet-PAM SNUNet

Figure 8. Visualization results of different models where the 1st and 2nd columns are two phases
of remote-sensing samples, the 3rd column is the ground truth and the remaining columns are the
changing regions predicted by the five models. (a—h) denote 8 pairs of samples randomly selected by
the models.

4.2. Application of ResNet18+Transformer Model

To further test the application of the proposed model, we collected remote-sensing
images from another source which shows the surface changes in Yaohai District with the
size of 62.8 km? in 2022 and 2023. The preprocessing of the image was the same as with
the demonstration case. To simplify the statistical analysis, only the regions greater than
1 km? were used for discussion. In total, the model detected 835 change targets, of which
663 were correct and 172 were incorrect. The accuracy of the model in handling complex
images in practical applications could be estimated at approximately 80%.
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Figure 9 demonstrates several detection results in Yaohai District, which presents
robust capability in effectively detecting the newly constructed objects upon open land.
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Figure 9. Some change detection results of the proposed model applied in Yaohai District. The area

wrapped in red is the detection result predicted by the model in 2022 (a,c,e,g) and 2023 (b,d,f,h).

is designed to obtain the ability to mitigate such an effect.

Figure 10 demonstrates some wrong detections generated by the proposed model,
which are the regions detected as changed but not changing in semantics. In terms of
the error group in Figure 10a,b, the reason could be attributed to the evident disparity in
colour between the open spaces depicted in the two images. Referring to Figure 10c,d,
since one shed roof of a factory was removed, the model tends to identify it as changed.
And for Figure 10e,f, the mistake is due to the change in the colour of the roof. The
one in Figure 10g,h can be attributed to the noise of too strong illumination, resulting in
semantic errors in the original feature extraction in ResNet-18 although the model structure
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Figure 10. Some error change detection regions in Yaohai District where the area wrapped in red is

the detection result by the model in 2022 (a,c,e,g) and 2023 (b,d f,h).
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5. Conclusions

This paper proposes a new deep learning model called the ResNet18+Transformer
model by combining a renovated Transformer and CNN to detect the changes from remote-
sensing images with high resolution. To demonstrate the application of the proposed model,
we trained the model with remote-sensing images of the Shandong and Anhui Provinces
of China in 2021 and 2022 while one district of 2023 was used to evaluate the prediction
accuracy of the trained model. Five widely-used matrices, i.e., the Overall Accuracy,
F1-score, IoU, Precision, and Recall were employed to evaluate the performance of the
developed architecture of the model and further compared with the other four advanced
deep learning models (convention-based and attention-based) that were applied in change
detection. Additionally, we also develop a toolkit to support image preprocessing including
image cropping, result splicing, and vector conversion. The results can be concluded
as follows.

(1) Compared to fully convolutional neural networks, incorporating attention mecha-
nisms can achieve better results since CNNs usually ignore the global information,
resulting in limited handling with high-level semantic features at the global level.

(2) Among attention networks, the Vision Transformer structure outperforms the pure
multi-head attention since its unit structure can add a feed-forward network based on
the self-attention mechanism to achieve channel-dimensional information interaction.

(8) The proposed model outperforms both the convolution-based model and attention-
based models in terms of Overall Accuracy, Fl-score, and IoU since it combines
the great capability of CNN on image feature extraction, and the ability to obtain
global semantic information from the attention mechanism. It presents a significant
improvement in the balance between identifying the positive samples and avoiding
false positives in complex image change detection.

(4) The proposed structure shows better extrapolation and robustness in handling com-
plex images in practical applications with an approximately 80% accuracy in detecting
changes in new testing sets (i.e., Yaohai District in 2022 and 2023).

Although the proposed model possesses strong robustness in the field of change
detection, it can be sensitive to too strong illumination and color changes; mitigating
the effect of illumination is still challenging in pattern recognition for all deep learning
algorithms. Future research in the change detection model is expected to increase the
resistance to strong illumination reflections and apparent color changes, for example, by
developing a rectification mechanism to identify whether the changes are attributed to
the noises.

The source code of the ResNet18+Transformer and the remote-sensing images pro-
cessing toolkit are available on GitHub (https://github.com/yaoshunyu9401/CD_toolkit,
accessed on 20 February 2024). The source code is provided subject to an MIT License.
Use/fork of the code is subject to proper acknowledgement as stated on the web page of
the model and toolkit.
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