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Abstract: Remote sensing image change detection (CD) is an essential technique for analyzing
surface changes from co-registered images of different time periods. The main challenge in CD
is to identify the alterations that the user intends to emphasize, while excluding pseudo-changes
caused by external factors. Recent advancements in deep learning and image change detection have
shown remarkable performance with ConvNet-based and Transformer-based techniques. However,
ConvNet-based methods are limited by the local receptive fields of convolutional kernels that cannot
effectively capture the change features in spatial-temporal information, while Transformer-based CD
models need to be driven by a large amount of data due to the lack of inductive biases, and at the
same time need to bear the costly computational complexity brought by self-attention. To address
these challenges, we propose a Transformer-based Siamese network structure called BTNIFormer. It
incorporates a sparse attention mechanism called Dilated Neighborhood Attention (DiNA), which
localizes the attention range of each pixel to its neighboring context. Extensive experiments conducted
on two publicly available datasets demonstrate the benefits of our proposed innovation. Compared
to the most competitive recent Transformer-based approaches, our method achieves a significant
12.00% improvement in IoU while reducing computational costs by half. This provides a promising
solution for further development of the Transformer structure in CD tasks.

Keywords: change detection; sparse attention mechanism; transformer; remote sensing

1. Introduction

Remote sensing image change detection (CD), as an important branch of the remote
sensing field, aims to utilize multi-temporal image data acquired by satellites, aircraft,
and other remote sensing sensors to monitor the spatial and temporal changes of objects
such as the Earth’s surface, cities, forests, farmlands, and natural environments. CD refers
to the quantitative analysis of the characteristics and processes of surface changes from
co-registered remote sensing images acquired at different time periods [1]. The definition
of change varies depending on the specific application task and can range from simple
binary coarse changes to detailed multi-class semantic changes. CD techniques based
on remote sensing images are widely applied in various fields, including environmental
change monitoring [2,3], land resource management [4], urban expansion [5], and disaster
monitoring [6,7].

CD faces a series of challenges, as shown in Figure 1. The core task of CD is to
track the changes that users want to highlight, such as new buildings (red box), while
ignoring changes caused by external factors (green box), such as environmental changes,
lighting conditions, fog, or seasonal variations. It also involves filtering out uninteresting
targets, such as traffic flow (yellow box). The difficulty of the task lies in the fact that the
same feature target presents different spectral features at different time points as well as
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spatial locations due to environmental factors such as lighting conditions, shooting angle,
and atmospheric conditions. Therefore, an excellent CD needs to identify and localize
the feature target of interest, and at the same time be able to distinguish between real
changes and pseudo-changes caused by environmental noise, which requires powerful
feature extraction, spatial-temporal modeling, and change discrimination capabilities.
The combination of these capabilities enables the model to accurately capture changes at
points of interest in complex scenes and ensure reliable CD results.

(a) T1 (b) T2 (c) Change Map

Figure 1. This is a set of co-registered remote sensing images used to show the main changes of CD
task. (a) A remote sensing image in the pre-temporal phase. (b) A remote sensing image of the post-
temporal phase at the same geographic location. (c¢) The binary change map of bi-temporal images.

By rethinking the task of CD in remote sensing imagery, we find that it is closely
related to the remote sensing image semantic segmentation task. This is because in essence,
the CD task can be viewed as an intensive change pixel segmentation task. The differ-
ence is that this task requires remote sensing images that have been bi-temporal and
co-registered as two inputs X;, X; to the model. In this case, the determination of positive
and negative samples is based on whether they have different semantics within differ-
ent temporal phases at the same geographic location. This means assessing whether the
change map label Y corresponds with the model output. Under the optimization objective
of minimizing the empirical loss, these two tasks can be formulated as minL(Fy(X),Y)
and minL(Fy(X1, X7),Y). However, the temporal information between bi-temporal phases
is wasted if CD is only used as an ordinary semantic segmentation task, so the interac-
tive fusion between bi-temporal feature information also needs to be considered by the
model F.

Traditional CD methods heavily rely on the results of difference maps. If a significant
amount of information is lost during the generation of difference maps, it can lead to
unstable accuracy in detection results. Deep learning has been proven to be an effective
means of feature learning, capable of automatically extracting abstract features of complex
objects in a multi-level manner. The end-to-end structure of deep learning enables us to
directly obtain CD results from multi-temporal remote sensing images. We summarize the
processing workflow of the CD task into three stages: (1) extraction of bi-temporal features,
(2) interaction and fusion of bi-temporal features, (3) discriminative feature generation for
the final change map. With the continuous development of high-resolution remote sensing,
both ConvNet-based [8-11] and Transformer-based [12-14] methods, driven by a large
amount of remote sensing data [8,9,15-19], have shown excellent performance.

Most approaches consider the CD task as a task of dense pixel segmentation [20-22],
which aligns with the view that these tasks are closely related to semantic segmentation
tasks. Therefore, these methods attempt to obtain a larger receptive field in the bi-temporal
feature extraction stage. Methods based on ConvNet, limited by the receptive field of
convolutional kernels, often seek to expand the receptive field as much as possible through
mechanisms such as dilated convolution [23], channel attention [24], spatial attention [25],
and mixed attention of channel and spatial [26]. Methods based on Transformer use self-
attention with a full receptive field to capture global relationships in spatial-temporal
features. However, traditional self-attention is still hindered by quadratic computational



Remote Sens. 2023, 15, 5459

30f17

complexity with respect to the number of pixels. Therefore, most Transformer-based
methods aim to reduce the number of pixels to reduce computational cost.

In the feature interaction and fusion stage, the model integrates the results from
the feature extraction part and extracts change information from the bi-temporal data.
Therefore, it may be necessary to consider the processing of feature information at multiple
stages and scales. During these processes, the model needs to organically fuse features
at the same scale from the two temporal phases, which can be achieved through various
operations such as subtraction, concatenation, summation, and so on. Effective interaction
fusion helps preserve the essential features of land changes and distinguish them from
invariant features. Therefore, at this stage, most methods attempt to introduce attention
blocks to help the model focus on change-related features. In the final discrimination stage
of the change map, there are two approaches. The first is based on pixel classification,
which is similar to how semantic segmentation tasks are approached. In this method,
the processed change features are projected onto a multi-channel classification map to
obtain the final classification result for change pixels. The second approach is based on
metric learning [27], which posits that changes can be discerned by measuring the distances
between features. Consequently, a contrastive loss is employed to increase the distance
between feature vectors that represent changing regions during the optimization process,
while reducing the distance between feature vectors representing unchanged regions.
Ultimately, a simple threshold is used to obtain the final change map, such as [8,9].

It is well-known that CNNs enhance the translational invariance and local inductive
bias of the network through locally shared convolutional kernels, while Transformer is
initialized with dot product self-attention which is by definition a global one-dimensional
operation, resulting in the same weight of attention assigned to all pixel features, which
implies that some of the inductive biases in the Transformer-based model have to be learned
either through a large amount of data or by introducing effective task experience [28].
Therefore, we try to summarize some inductive biases for the CD task and introduce them
into our model, and design a new encoder as well as a feature interaction fusion module
to achieve better CD results in remote sensing images. On the one hand, the CD task,
as an intensive segmentation task, requires both a global receptive field for the change
classification task and local information for accurate edge segmentation of the change
graph. Therefore, in the extraction stage of bi-temporal features, we would like to obtain a
global receptive field that approximates self-attention without incurring such an expensive
cost as on the self-attention side. At the same time, localization is introduced in the change
information interaction fusion stage to accomplish better change map segmentation. On the
other hand, the CD task needs to consider how to capture and establish the correlation
between bi-temporal co-registered images on top of the dense segmentation task. However,
most methods rely only on simple operations such as differencing and splicing between
bi-temporal features to integrate the bi-temporal features, and this direct feature fusion
strategy makes it difficult to extract change feature information effectively.

Our study aims to optimize the remote sensing image CD process by exploring the
essentials of the CD task by introducing certain inductive biases, especially in Transformer-
based models. The CD task requires the model to be able to capture global contextual
information, but also needs to preserve local detailed features. We would like to pursue
balancing the global perceptual field with the local information to improve the global
contextual perceptual field while reducing the computational complexity, so as to capture
the temporal change features of feature targets more efficiently. We introduce a simple,
flexible, and powerful dilated neighborhood attention module (DiNA) into the whole
process of CD. Based on DiNA, we constructed DiNAT for embedding into the Transformer
structure. By stacking DiNAT modules with different expansion rates, we construct an
encoder structure for temporal feature extraction, which allows the sense field to grow
exponentially in the feature extraction phase and captures the context at a farther range
without any additional computational cost, and augment the change feature while filtering
the pseudo-change noise in the interaction phase of the bi-temporal change features by
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acquiring the inductive bias of the local neighborhoods by means of it, further capturing
the temporal-phase semantic change features of the CD task. In addition, we improved
DINA and obtained Cross-NA, and constructed the Temporal Neighborhood Cross Differ
Module based on Cross-NA to improve the interaction of temporal information to help the
model better capture the change information between bi-temporal features, thus obtaining
better results.

The contributions of our work can be summarized as follows:

1.  We proposed a Transformer-based Siamese network structure called BTNIFormer for
addressing CD tasks in remote sensing images. By considering the key aspects of CD
from the perspective of semantic segmentation, we employ a sparse sliding-window
attention mechanism named DiNA that localizes the attention scope of each pixel to
its nearest neighborhood. This introduces inductive bias into the CD task, leading to
improved results.

2. By stacking DiNAT with different dilation rates, we construct an Encoder structure
that achieves a global receptive field close to self-attention without incurring quadratic
computational costs.

3. The Temporal Neighborhood Cross Differ Module, which is composed of the Cross-
NA module, is used at each scale stage of the bi-temporal feature map to realize
more effective extraction of spatial-temporal variation information and filtering of
variation noise.

4. We conducted extensive experiments on two publicly available CD datasets to validate
the effectiveness of our approach. Through quantitative and qualitative experimental
analysis, our network demonstrated fewer misclassifications and more precise change
result edge segmentation effects.

The remaining sections of this paper are organized as follows. The related work is
introduced in Section 2. Section 3 provides the conceptual background and implementation
details of our proposed method. Experimental results are presented and analyzed in
Section 4. The conclusion and future prospects are discussed in Section 5.

2. Related Works
2.1. Recent Binary CD Works

In recent years, most of the work in CD has focused on improving and optimizing the
CD processing pipeline we outlined. FC-EF, FC-Siam-Conc, and FC-Siam-Diff [10] are three
networks designed based on Fully Convolutional Neural Networks (FCNNs) [29], differing
in the choice of when to fuse features and the manner of fusion interaction. DTCDSCN [11]
introduces channel attention and spatial attention to construct a dual attention module
to enhance feature discrimination. STANet [9] is a metric learning-based method that
captures spatial-temporal dependencies at different scales using block-wise self-attention.
Bit [30] combines Convolutional Neural Networks (CNNs) with Transformers, mapping
bi-temporal features extracted by CNN into dense high-level semantic tokens and en-
hancing these temporal features using self-attention. ChangFormer [14] fine-tunes the
network structure of SegFormer [31] and reduces the pixel count in feature maps using
spatial reduction attention (SRA) [32] to alleviate computational costs. Despite achieving
outstanding performance in CD, ConvNet-based methods still lack the ability to effectively
capture long-range spatial-temporal information. Meanwhile, self-attention mechanisms
come with higher computational costs, demanding greater computational resources and
time. Therefore, improving CD methods remains an important research direction. In this
paper, we propose a Transformer-based CD method that combines the strengths of both
approaches to address these challenges.

2.2. Sparse Attention in Transformer

Scaled dot product attention [33] is defined as an operation on a query and a set
of key—value pairs. In self-attention, Q, K, and V originate from different projections of
the same input. The dot product of the query and key values is computed and scaled,
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the attentional weights are normalized by softmax, and finally the values are weighted
according to the weights. It can be expressed as follows:

Attention(Q,K, V) = softmax(QKT> 74 (1)
o Vd
where d is the embedding dimension. In Transformers, it is also common to use multi-head
attention, which splits Q, K, V into multiple groups and performs dot product operations
in parallel, with the expectation that each head learns features from a different perspec-
tive separately.

In the standard self-attention mechanism, each token needs to pay attention to all
other tokens. The key advantage of the self-attention mechanism is that it is able to capture
the dependencies between different positions in the input sequence without being limited
by a fixed sliding window or convolutional kernel size. This makes it perform well in
processing sequence data, and it is widely used in deep learning tasks in natural language
processing and other areas [34]. However, if given an input X € R"*%,  is the number of
tokens and d is the embedding dimension. This operation has a complexity of O(n?d) and
a space complexity O(n%d) for the attention weights. Especially in vision, most operations
process two-dimensional image pixels one-dimensionally after additional position coding,
which is unacceptably expensive to process.

Sparsification is an effective practice and it has been observed that the attention matrix
learned by Transformer is usually very sparse at most data points [35]. Therefore, we can try
to reduce the computational complexity by introducing structural bias to limit the number
of query—key pairs that each query is concerned with. The limitation of attentional scope
was mentioned by Vaswani et al. [33] in the development of the Transformer. Child et al. [35]
proposed the Sparse Transformer, which utilizes the sparse kernel attention mechanism
in addition to extending to deeper variants. With this approach, the model can be trained
more efficiently on longer data sequences. There have been other works on sparse attention,
such as Longformer [36], Routing Transformer [37], CcNet [38], and Bigbird [39], and in
Figure 2, we visualize the original self-attention as well as the attention weight matrices
for several sparse attentions. All these works share a common feature: reducing the cost
of self-attention in the inevitable case of longer token sequences, but still maintaining the
global context.

K ks ;i kj
— — e —_—

(a) Self attention (b) Global attention (c) Window attention (d) Dilated attention

Figure 2. Original self-attention model and some representative attentional matrix visualizations of
sparse attention mechanisms.

2.3. Vision in Transformer

Dosovitskiy et al. [40] proposed a Transformer-based image classifier that merely
consists of a Transformer encoder and an image tokenizer, named Vision Transformer
(ViT). Previous works, such as DETR [41], explored CNN-Transformer hybrids for ob-
ject detection, and ViT formalizes the application of pure Transformer structures in the
field of computer vision. Vit divides the input image into non-overlapping patches by
non-overlapping convolution and tokenizes each patch to be fed into the Transformer for
subsequent processing, thus enabling the direct application of the standard Transformer to
the image. Content-dependent long-range interaction ability has enabled successful appli-
cation of ViTs and their variations for various computer vision tasks, such as classification,
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detection, and segmentation. Following the success of ViTs in computer vision, there has
been a significant increase in the use of Transformer-based frameworks in the remote sens-
ing community [42]. These are utilized in many tasks, including very high-resolution image
classification [43], change detection [44], pan sharpening [45], and building detection [46].

Notably, ViT approaches or beats the state of the art on several vision benchmarks
when pre-trained on the large public ImageNet-21k dataset or the private JFT-300M dataset.
However, due to its lack of some of the generalization biases inherent to CNNs, such as
translational isovariance and localization, it is no longer competitive when trained on small
to medium-sized datasets. At the same time, the memory computation consumption with
token length squared level increase makes it not very suitable for semantic segmentation,
which requires fine details such as contours most of the time, especially in the early
stage of computer vision modeling. With further research, Transformer has proposed
different architectures for various computer vision tasks including image classification and
image segmentation such as ViT, Segmentation Transformer (SETR) [47], Pyramid Vision
Transformer (PVT) [32], Visual Transformer using Shift Window (SwinTransformer) [48],
and SegFormer [31]. These Transformer networks have relatively larger effective receptive
fields (ERFs) [49] compared to deep ConvNets, providing greater contextual modeling
capabilities between any pair of pixels in an image than ConvNets.

3. Materials and Methods
3.1. Overall Architecture

Figure 3 shows the overall architecture of our method. It consists of Siamese Neigh-
borhood Transformer Encoder with shared weights in parallel composed of DiNAT blocks,
shown in Figure 3b, Temporal Neighborhood Cross Differ Module for bi-temporal change
information interaction, and a Simple Multi-Scale Aggregation Change Decoder for ag-
gregating and discriminatively generating change results. So, our pipeline can be briefly
described as the proposed BINIFormer taking the registered bi-temporal remote sensing
images as input. However, the Siamese Neighborhood Transformer Encoder consists of
DiNAT blocks to obtain the feature maps on four different scales, after which the hierar-
chical pairs of bi-temporal features are passed through the Temporal Neighborhood Cross
Differ module for temporal information interaction and extraction to enhance the change
feature. Finally, all the change features on the scale are aggregated and discriminated by
Simple Multi-Scale Aggregation Change Decoder to generate the final binary change map.
At the same time, inspired by Zheng et al.’s work [50], in most cases we are not able to
cognize the process of feature target change through the bi-temporal image alone, so we
can assume that the bi-temporal image has a temporal symmetry that is anisotropic for the
CD task of bi-temporal detection, which is formulated as Y1~ = Yip_ 1. Intuitively,
if we exchange the inputs of the bi-temporal detection, it does not have any impact on
the CD output in any way. We introduce the inductive biases of an undirected nature by
maintaining the symmetry of the bi-temporal feature processing flow when constructing
the network structure.

Since feature targets in remote sensing images are characterized by their multi-scale na-
ture, our encoder computation has four stages with different spatial resolutions, illustrated
in Figure 3a. In each stage, features are first spatially downsampled by a convolutional
layer, and then feature extraction is performed by overlapping DiNAT blocks with different
dilations while obtaining a wider sensing field, and finally feature maps with different scale
resolutions of the four stages are generated. How to effectively capture target semantic
changes in complex feature scenes is one of the main challenges of the CD task. Therefore,
we use Temporal Neighborhood Cross Differ Module, as shown in Figure 3¢, to interact and
fuse the temporal features of the bi-temporal feature maps on the current scale, to enhance
the changing features of each phase while filtering irrelevant noise. After that, we concat
the enhanced bi-temporal features in the channel dimension and compress the channel by
convolutional layer. In recent years, many models have been investigating how to design
a better decoder (the feature extraction is usually carried out by a pre-trained backbone),
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shown in Figure 3d, resulting in a decoder that is heavier and more complex, but our
structure has already gained a sufficiently large receptive field in feature extraction and
established the interaction and connection of the change information features between
the bi-temporal phases. Therefore, in the final stage, we only need a simple multi-scale
aggregated change decoder with a simple structure to generate the binary change mask.

(a) Siamese Dilated Neighborhood Transformer Encoder

Overlapping
Toke*nizer
x
| DINAT Block
Overlapping
Tokenizer
+ DINAT Block
Overlapping
Tokenizer
& DiNAT Block
Overlapping
Tokenizer
x
w1 DINAT Block

x
X

(d) Simple Multiscale Aggregation Change Decoder
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Cross Differ
Module
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(b) Dilated Neighborhood Attention Transformer Block(DiNAT Block) (c) Temporal Neighborhood Cross Differ Module

Figure 3. Overall structure of our modeling framework. (a) Siamese Neighborhood Transformer En-
coder. (b) Dilated Neighborhood Attention Transformer (DiNAT) Block. (¢) Temporal Neighborhood
Cross Differ Module. (d) Simple Multi-Scale Aggregation Change Decoder.

3.2. Dilated Neighborhood Attention

The most straightforward way to limit the range of self-attention is to make each
pixel focus only on pixels within its neighborhood, which produces a dynamic window
of attention similar to a convolutional window, thus introducing local inductive biases.
Although such nonlocal and sparse restrictions on self-attention have been shown to be
promising, they have not been well-studied in the context of hierarchical visual trans-
formations. The introduction of Window Self-Attention (WSA) in SwinTransformer [48]
restricts the scope of self-attention operations to the window and is cleverly and efficiently
implemented with the help of the Cyclic Shift operation. To extend the local receptive
field and reintroduce global context into the hierarchical vision Transformer, we introduce
Dilated Neighborhood Attention (DiNA), which spans the neighborhood over a wider
range by increasing the dilated value while maintaining the overall attentional span. DINA
can be used as a global operation of sparsity. DiNA restricts self-attention through a sliding
window and achieves a similarity to convolution and dilation convolution by varying dila-
tion rate restrictions on fully connected layers. These restrictions reduce the computational
burden and introduce useful inductive biases.

Given input X € R™ 4 whose rows are d-dimensional token vectors, and query
and key linear projections of X, Q, and K, and relative positional biases between any
two tokens i and j, B; ;, we define neighborhood attention weights for the ith token with
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neighborhood size k. Token i’s jth nearest neighbors are denoted as p;(i ) Ai-‘ is the matrix
multiplication of the ith token’s query projection, and its k nearest neighboring tokens’ key

projections. We can then define r-dilated neighborhood attention weights for the ith token
(k)

with neighborhood size k, A;™"’, as follows:

Qioriiy + B ipgv)
AT _ oz + B(ipg00) )
QKo+ B i00)
We define r-dilated neighboring values for the ith token with neighborhood size
k, Vl(k'r):
Vi = Ve Ve Vi) ®)

DiNA output for the ith token with neighborhood size k is then defined as follows:

(k)
SNTAT S i (k.r)
DiNAj (i) = softmax( NG )Vi 4)

where \/H is the scaling parameter, and d is the embedding dimension.

This operation is repeated for every pixel in the feature map. Illustrations of this
operation are presented in Figure 4. From the definition above, it is evident that as k
increases, Ai-‘ approaches the self-attention weights, and Vﬁ-‘ approaches V; itself, resulting
in neighborhood attention approaching self-attention. However, when dilation is set to 1,
DiNA degenerates to NA, meaning that the query values are limited to the neighborhood
with a relationship similar to that between convolution and dilation convolution.

Key Value

(a) Self Attention

Dilated I
Neighborhood
(b) Attention
(dilation=1)
(NA) TTTT

11T

Dilated
Neighborhood
Attention
(dilation=2)

(c)

Figure 4. Illustration of the query—key—value structure between Self-Attention (SA) and Dilated
Neighborhood Attention (DiNA) using different dilated values. (a) SA requires each pixel to pay
attention to the other pixels. In particular, (b) DINA becomes Neighborhood Attention (NA) when set
to a dilated value of 1. (c) On the other hand, DiNA localizes each pixel’s attention to its surrounding
neighborhood or to a wider range of the receptive field based on the dilation value.
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We compare the computational cost of different variants of the self-attention mecha-
nism in Table 1, and DiNA maintains the contextual symmetry with WSA with the same
computational cost as well as memory footprint. Since Swin’s feature map is divided into
non-overlapping windows, pixels within the same window will only pay attention to each
other, and although it interacts with the information by offsetting the window;, it does
not give its positional information, making the edge pixels acquire an asymmetric context
around them.

In order to introduce the DiNA mechanism into our CD detection structure, as shown
in Figure 3b, we built the Dilated Neighborhood Attention Transformer (DiNAT) block by
referring to the encoder structure of Transformer. Similarly, the Neighborhood Attention
Transformer (NAT) block is constructed when the dilated value is set to 1.

Table 1. Computational cost and memory usage of different types of attention mechanisms.

Attention Module FLOPs Memory
Self-Attention 3hwd? + 2h?w?d 3d? + h2w?
Window Self-Attention (WSA) 3hwd? + 2hwdk? 3d% + hwk?
Dilated Neighborhood 2 5 2 >

Attention (DINA) 3hwd* + 2hwdk 3d- + hwk

3.3. Siamese Dilated Neighborhood Transformer Encoder

To achieve a sizeable receptive field while circumventing the Gridding Effect, we
fabricated the Siamese Neighborhood Transformer Encoder through the incorporation
of DINAT blocks with varying dilation rate. We compare FLOPs, memory usage, and
receptive field sizes under different attentional modes of stacking in Table 2. We calculate
receptive field size with respect to the number of layers, ¢, kernel size k, and number of
tokens n, which is equal to the size of the input picture. Window Self-Attention alone
would suffer from a fixed-value receptive field, but the pixel shift in SWSA expands the
receptive field linearly. Stacking the DiNAT block with different dilation rates can expand
receptive fields exponentially. Self-attention has the maximum global receptive field, which
comes at the expense of a quadratic computational cost.

We configured the encoder’s structure with reference to the success of previous CNN
structures (ResNet [51]) with ViT-based approaches (PVT [32], Swin-Transformer [48], and
SegFormer [31]). Figure 3a shows a schematic of the entire encoder network architecture.
The Siamese Dilated Neighborhood Transformer Encoder comprises four stages, each
representing different resolution scales. In the first stage, the input is embedded through
two consecutive 3 x 3 convolutions using 2 x 2 steps, thereby reducing the space size to
1/4 of the input size, albeit with overlapping convolutions rather than non-overlapping
convolutions to introduce a useful inductive bias. In the later stages, our method employs
overlapping convolutions featuring kernel sizes of 3 x 3 and 2 x 2 stride. This results in a
halving of the spatial resolution with a doubling of the number of channels, finally generat-

. . . . . . h w h w h w
ing four feature maps of scale resolution with sizes indicated by 7 x 7,5 X §,7g X 14, and

3% X 35. The downsampled inputs are entered into DiNA blocks of varying dilation layers

at each stage (the number of layers in each phase is three, four, six, and five, respectively).
For images’ resolution limit, determined by the maximum size at each scale, we set the
highest dilation values to §, 4, 2, and 1 and interleaved with the NAT module, while the
dilation value of the DiINAT module was incremented gradually from 1 to the maximum
dilation value.

Specifically, if we are given a pair of bi-temporal CD task image pairs F;ﬂe,Fi

post Of reso-

lution H x W x 3, the encoder outputs a feature map F’ with a resolution 251 X % x Cj,
wherei=1,2,3,4and C;1 > C;, which will be further processed through the interactive

fusion module in the next step.
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Table 2. Comparison of different types of attention mechanisms after stacking, including three
aspects: memory, FLOP, and receptive field.

Attention Module FLOPs Memory Receptive Field
SA-SA 3nd? + 2n*d 3d% + m? n
WSA-SWSA 3hwd? + 2hwdk? 3d? + hwk? lk
NA-NA 3hwd? + 2hwdk? 3d? + hwk? (k—1)+1
NA-DiNA 3hwd? + 2hwdk? 3d? + hwk? € [l(k—1)+ 1,k

3.4. Temporal Neighborhood Cross Differ Module

As stated in the motivation section, it is believed that the key element of the CD task
is the interaction of bi-temporal features. To address this, the DiNA is introduced into
the feature interaction phase. We have constructed a Temporary Neighborhood Cross
Differ Module for dual temporal feature interaction using the Cross-NA, which is the
variant of DiNA, as the core. Unlike the configuration method used in the encoder phase,
the Cross-NA module is utilized for bi-temporal feature interaction at each scale in this
phase, with the structure shown in Figure 3c. The Cross-NA is a modified version of the
DiNA. We set the expansion rate of DiNA to 1 in this variation. Moreover, as shown in
Figure 5, Cross-NA extracts the query from one temporal phase feature and the key and
value from another temporal phase feature. The present temporal phase feature improves
each phase by computing a correlation score in a k-neighborhood of the prior position at
the other temporal phase while eliminating extraneous noise. The interaction process of
Temporal Neighborhood Cross Differ Module in the bi-temporal phase can be formulated
as follows:

Fi i i AMNGED i
Fyre = Cross — NA (Fpost, Fp,e) = softmax i Vi + By, Vi

©)

. o (k1) ‘ ‘
Fost = Cross — NAg (F;J,g, F;wst> = s0ftmax (1?/@ ) Vl(k'l) + Fpostr Vi

After the bi-temporal features are interactively augmented with the other temporal
phase separately, we concat them and then fuse them via a convolutional layer. The calcula-
tion process is formulated as follows:

Fiifr = BN (ReLU (Cono(Cat(Fhye, Fhost) ) ) ). Vi ©)
T1 Feature Input
Query 1
T2 Feature Input @ T > . l
e 1 %) :?assitional @
é g Key ' T ' T2 Feature Augment
L=, Value

Figure 5. The structure of Cross-NA and its working principle diagram.
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3.5. Simple Multi-Scale Aggregation Change Decoder

In the decoder stage, we perform channel unification as well as splicing of the multi-
scale variation features obtained in the previous stage. The feature map is then resized to
its initial dimensions via two gradual upsampling layers. Finally, a convolutional layer is
applied to generate the ultimate change map, which can be formulated as follows:

F = Upsample(%, g)(Linear(Ci, C)(F;l-ff)),w
Fepange = Linear(4C, C) (Concat(F;)), Vi 7)

Mehange = Conv(Upsample(Fchange))

4. Experiments
4.1. Datasets

We conducted experiments on two publicly available CD remote sensing image
datasets with three RGB bands: WHU-CD dataset and LEVIR-CD dataset.

WHU-CD [16] contains two aerial high-resolution (0.3 m) images, which were acquired
in 2012 and 2016. Since it covers an area that was hit by a 6.3 magnitude earthquake in
February 2011 and rebuilt in the following years, there are a large number of building
changes in this area, and the size of study image is 32,507 x 15,354. Since no specific segmen-
tation scheme was mentioned in the dataset, we cropped the image into non-overlapping
patches with a resolution of 256 x 256. After that, a random partitioning of the dataset was
performed, obtaining 5947 /743 /744 pairs for train/validation/test, respectively.

LEVIR-CD [9] is a publicly available large-scale building dataset, containing images
from 20 different areas in various cities in Texas, USA. The dataset comprises 637 pairs
of high-resolution (0.5 m) remote sensing images of size 1024 x 1024. The building
types represented include a range of variants, such as detached houses, tower blocks,
small sheds, and large storage facilities. We follow its default dataset split. Due to the
limitation of GPU memory capacity, we cut images into small patches of size 256 x 256
with no overlap. Therefore, we obtained 7120/1024/2048 pairs of patches for train-
ing/validation/test, respectively.

4.2. Evaluation Metrics

We evaluate the performance of the proposed method using five confusion matrix-
based evaluation metrics, which include overall accuracy (OA), precision (Pre), recall (Rec),
F1-score (F1), and Intersection over Union (IoU). Since CD tasks are often accompanied
by uneven distribution of sample categories, all metrics represent the evaluation results of
change categories. The formulas for these metrics are as follows:

Pre = TP/ (TP + FP)
Rec = TP/(TP + EN)
OA = (TP + TN) /(TP + TN + FN + FP)
IoU = TP/(TP + FN + FP)
2
Rec™! 4 Pre !

®)
Fl =

where TP, FP, TN, and FN refer to true positives, false positives, true negatives, and false
negatives, respectively.

4.3. State-of-the-Art Comparison

We have selected several state-of-the-art CD methods that use the attention mechanism
for comparison purposes.

STANet [9] is a spatial-temporal attention concatenated neural network that em-
ploys metric learning. The network uses ResNet as a base model for feature extrac-
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tion, with weight-sharing capabilities. The model also incorporates a multi-scale CD
self-attention module to effectively model spatial-temporal relations.

DTCDSCN [11] is a multitasking model which performs both CD and semantic seg-
mentation. It introduces channel and spatial attention to exploit interdependencies between
channels and spatial locations for improved feature representation.

BiT [30] is a hybrid model of CNN and Transformer. It uses ResNet convolutional
blocks for feature extraction at a shallow level, tokenizes the features at a deeper level,
and enhances the contextual information of ConvNet features with semantic tokens for
modeling in spatial-temporal information.

ChangeFormer [14] is a Transformer-based Siamese network and combines a hier-
archically structured Transformer encoder with Multi-Layer Perception (MLP) decoder
in a Siamese network architecture to efficiently render the multi-scale long-range details
required for accurate CD.

4.4. Implementation Details

Our models are implemented on PyTorch, and the DiNA module was efficiently
implemented using the open-source extension of Pyrorch—Natten [52]. All tasks were
carried out on a single NVIDIA Tesla V100 GPU. We trained the models using the Binary
Cross-Entropy (BCE) Loss and AdamW optimizer, with weight decay set to 0.01 and beta
values set to (0.9, 0.999). The learning rate was initially set to 0.0001 and linearly decayed
to 0 over the course of 200 epochs. For model training, we set the batch size to 16 due to
GPU memory limitations. For data augmentation, we use random crop, flip, Gaussian
blur, and random color jittering. In addition, in order to establish the anisotropy of the
temporal information between the bi-temporal features, we randomly swap the order of
the bi-temporal images.

4.5. Main Results

In Table 3, we clearly label and present the overall comparative results of our method
and some SOTA methods on the WHU-CD and LEVIR-CD test sets. The results show
that our method based on BTNIFormer significantly outperforms other methods on these
datasets. Our comparison focuses on ChangeFormer, which is the most competitive in terms
of performance and based on the same Transformer architecture. Our model improves
WHU-CD and LEVIR-CD by 0.51/7.38/12.00% and 0.16/1.62/2.75% on OA/F1/IoU,
respectively. We qualitatively compare the performance of some representative CD scene
samples in the WHU-CD and LEVIR-CD validation sets with SOTA methods, as visualized
in Figure 6. Compared to other methods, our approach provides more accurate and
complete edge detection results with fewer false positives (in yellow). In addition, we
compare the computational cost of different methods in Table 4. The results show that
compared to ChangeFormer, BINIFormer improves the metrics dramatically while almost
halving the number of parameters and memory usage, and is an order of magnitude lower
in terms of FLOPs. Although in terms of computational cost our method though does not
have an advantage over Bit with Resnet as the backbone network, our method improves
WHU-CD and LEVIR-CD by 0.6/8.77 /14.09% and 0.28/2.71/4.55% on OA /F1/IoU, which
still demonstrates the great advantage of our method. These quantitative and qualitative
experimental results show that our method achieves superior performance compared to
existing SOTA methods.



Remote Sens. 2023, 15, 5459 13 of 17

Table 3. Comparison results of various methods on WHU-CD and LEVIR-CD datasets.

WHU-CD LEVIR-CD
OA Pre Rec F1 IoU OA Pre Rec F1 IoU

STANet 98.52 79.37 85.50 8232 6995 98.66 83.81 91.00 8726 77.40
DTCDSCN 9742 6392 8230 7195 56.19 98.77 8853 86.83 87.67 78.05
Bit 98.75 86.64 81.48 8398 7239 98.92 89.24 89.37 89.31 80.68
ChangeFormer 98.99 8831 82.62 8537 7448 99.04 92.05 88.80 90.40 8248
BTNIFormer 99.50 96.39 89.38 92.75 86.48 99.20 93.32 90.77 92.02 85.23

All values are reported in percentage (%). Color convention: best, 2nd-best.

Method

Table 4. Cost comparison of various methods. FLOPs and peak memory usage are measured from
forward passes with a batch size of 16 at a resolution of 256 x 256 on a single NVIDIA V100 GPU.

Attention Module Params (M) FLOPs (G) Memory (M)
STANet 16.93 6.58 22387
DTCDSCN 41.07 7.21 2471
Bit 3.55 4.35 3574
ChangeFormer 41.02 101.39 11591
BTNIFormer 23.04 15.92 6476
WHU-CD

T1 T2 Ground Truth  STANet DTCDSCN Bit ChangeFormer BTNIFormer

Figure 6. Some visualization comparisons among Changer models on the WHU-CD and LEVIR-CD
datasets. The rendered colors represent TP, =, and FN.

4.6. Ablation Studies

To investigate the effectiveness of our method, we conducted exhaustive experiments
on different aspects of the model structure using the LEVIR-CD dataset. For ablation
experiments, we remove the Cross-NA in the Temporal Neighborhood Cross Differ Module
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as the baseline, which means that the bi-temporal features are only interacting through
concat and convolution operations in this time. Unless stated otherwise, we set embedding
dim to 64 and configured the remaining structures.

Encoder selection under the same parameter scale. Most recent models have opted
to utilize pre-trained models for feature extraction, which has been proven to be an effective
approach based on the results. To validate the performance of our designed encoder, we
attempted to replace the feature extraction module with pre-trained ResNet-34 [51] and
MiT-b2 [31] structures of the same parameter scale. According to Table 5, our Siamese
Dilated Neighborhood Trasnformer Encoder improves the F1 and IoU of ResNet-34 based
on convolutional composition by 1.13%/1.9%, while the number of parameters decreases.
Compared with the MiT-b2 based on the Transformer structure, our model reduces the
number of parameters by about 20% while still improving the F1 and IoU by 0.05%/0.09%.
Thus, our feature extraction module outperformed the other architectures.

Table 5. Performance comparison of different encoder structures for CD on the LEVIR-CD dataset.

Encoder Structure Params (M) F1 (%) IoU (%)
ResNet-34 22.09 90.68 82.96
MiT-b2 24.49 91.81 84.86
BaseLine 20.25 91.86 84.95

Which layers need to interact with temporal information? We try to perform feature
interaction layer ablation at each of the four stages of feature extraction. As shown in
Table 6, the best detection results can be obtained by performing feature interaction at all
stages. Additionally, we noted a positive correlation between the accuracy of the model
and the quantity of interacting layers. We believe that interaction at all stages is more
helpful for the extraction of multi-scale variation features, as it does not intervene in the
subsequent process of feature extraction.

The interaction mode of temporal information. To explore how to interact during the
feature interaction phase, we compared different attentional modes during the interaction
phase. As shown in Table 7, the NA we chose achieved the best performance. Using NA
for interaction at this stage shows an improvement of 0.19/0.07% and 0.34/0.13% in terms
of F1 and IoU compared to Self-attention and DiNA. We argue that the introduction of
local inductive bias at the interaction stage is effective because the time-varying features at
the interaction stage only need to query the semantics of the pixels in the neighborhood,
and do not need to be used in the same way as the feature extraction phase to use DiNA
or self-attention to obtain a larger perceptual field. On the other hand, the comparison
between DiNA and SA again proves that the sparsification approach has better results.

Table 6. Comparison of performance from ablation experiments on temporal features when interact-
ing at different stages on the LEVIR-CD dataset.

Interactive Stages

F1 (%) IoU (%)
Stagel Stage2 Stage3 Stage4
91.86 84.95
Vv 91.97 85.13
v Vv 91.87 84.96
v Vv Vv 91. 90 85.01
Vv Vv Vv Vv 92.02 85.23

/ means NA used at this stage.
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Table 7. Performance comparison of different interaction modes in the bi-temporal feature interaction
stage for CD on the LEVIR-CD dataset.

Methods F1 (%) IoU (%)
BaseLine 91.86 84.95
BaseLine+SA 91.83 84.89
BaseLine+DiNA 91.95 85.10
BaseLine+NA 92.02 85.23

5. Conclusions

In this paper, we propose a Transformer-based Siamese architecture called BTNIFormer
for remote sensing change detection (CD). BTNIFormer introduces Dilated Neighborhood
Attention (DiNA), which effectively locates the autonomous attention of each pixel to the
neighborhood, thus achieving effective capture of spatial-temporal change features by the
model. We further design a Temporal Neighborhood Cross Differ Module for the interac-
tion of dual temporal feature information, which enhances the changing features while
suppressing noise changes. We validated our method by conducting extensive experiments
on two publicly available CD datasets. Our extensive qualitative and quantitative results
reveal the benefits of the proposed contributions. The proposed method achieves SOTA
performance on all datasets, with significant computational advantages compared to recent
Transformer-based methods. These results demonstrate the enormous advantages and
potential of the sparse attention mechanism in the field of remote sensing image change
detection. We hope that these works can contribute to the further research of Transformer
in this field in the future.
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