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Abstract. Change detection (CD) in remote sensing (RS) images has become an es-
sential tool for land resource planning, disaster monitoring and urban growth ana-
lysis. Despite significant progress with deep learning (DL) methods, traditional
approaches struggle to effectively extract multi-scale features and balance local and
global information while maintaining computational efficiency. This research intro-
duces NAViT-UNet a novel framework leveraging Neighbourhood Attention Vision
Transformers (NAViT) and Multi-Temporal Fusion (MTF) Networks for accurate
and efficient CD in multi-temporal RS imagery. The proposed model integrates
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NAViT modules for local feature extraction, reducing computational overhead while
enhancing performance. A robust Multi-Temporal (MT) Fusion Network dynami-
cally aggregates temporal feature maps, optimizing the utilization of complementary
MT information. The bottleneck layer incorporates Cascaded Atrous Spatial Pyra-
mid Pooling (ASPP) to broaden the feature receptive field, enabling the precise
segmentation of small and complex regions. To address imbalanced segmentation
challenges, a Mixed Loss Function combining MS-SSIM Loss, Tversky Loss and
Focal Loss ensures fine-grained boundary delineation and segmentation accuracy.
The model also adopts the Swish activation function which enhances performance
over traditional ReLU. Experiments demonstrated the proposed system achieved
best performance in terms of 99.8% of accuracy, 98.81% of precision, 99.32% of
Recall and 99.07% of F1 score. This framework establishes a new benchmark for
multi-temporal CD, significantly improving the identification and segmentation of
change regions with minimal computational costs. The proposed methodology of-
fers a transformative solution for RS applications, unlocking new possibilities in
land monitoring, disaster management and urban planning.

Keywords: Remote sensing, change detection, neighborhood attention vision
transformer (NAViT), multi-temporal fusion network, temporal feature aggrega-
tion, land resource planning, mixed loss function
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1 INTRODUCTION

Using RS imagery for CD has become a crucial research field in recent years be-
cause of its many uses in urban development, disaster response, and land resource
management [1]. CD detects and tracks changes in the Earth’s surface by examin-
ing MT photographs, offering vital information on human activity, environmental
dynamics, and natural disasters [2]. As high-resolution satellite photos become
more widely available and processing power increases, more advanced CD tech-
niques are becoming possible [3]. While tackling the inherent difficulties brought
on by the complexity of RS data, these techniques seek to increase accuracy and
efficiency [4].

The process of CD entails comparing images taken at various times to find areas
of change. RS images frequently create issues due to their different spatial resolu-
tions, illumination fluctuations, and the intricacy of land-cover elements [5]. Further-
more, small-scale regions, fuzzy boundaries, and overlapping features in the images
can result in imprecise segmentation, reducing overall detection accuracy [6]. Ad-
dressing these difficulties requires models that can extract and analyze fine-grained
characteristics while remaining computationally efficient [7].

In recent years, DL approaches have transformed RS by providing powerful
tools for feature extraction, image segmentation, and pattern detection. These ap-
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proaches, particularly those based on convolutional neural networks (CNNs), have
shown exceptional success in gathering spatial and temporal data [8]. However,
the high-dimensional structure of RS data and the need to interpret MT informa-
tion present additional challenges, particularly in terms of computational costs and
resource utilization [9].

Traditional CD approaches frequently rely on handcrafted features and prede-
termined criteria, limiting their ability to generalize across multiple datasets. These
methods are generally insufficient to manage the diversity and complexity of RS im-
agery, such as varied landscapes or rapidly changing urban areas [10]. While recent
advances in machine learning (ML) have enhanced the automation of feature extrac-
tion, many existing models struggle to successfully integrate MT data or exploit all
spatial and contextual information [11].

Another significant problem in RS CD involves achieving a balance between
global and local feature extraction. Models must capture tiny local characteristics
while preserving a broader contextual understanding to ensure accurate segmenta-
tion [12]. Simultaneously, computing performance must be optimized to allow for
the processing of high-resolution images and large-scale datasets, both of which are
becoming more common in RS applications. Efficient feature fusion and multi-scale
(MS) analysis are required to obtain useful insights from RS imaging [13].

This paper explores improved approaches for overcoming the obstacles inherent
in MT RS image analysis. This work attempts to enhance the efficiency and us-
ability of CD algorithms by emphasizing rapid feature extraction, effective temporal
data fusion, and robust segmentation strategies. The findings have ramifications
for a wide range of applications, including urban planning, emergency management,
and environmental monitoring, all of which require precise and timely information
to make informed decisions.

This study’s primary insight is as follows:

• Introduced a dynamic fusion mechanism that effectively aggregates and opti-
mizes complementary information from MT RS images, ensuring accurate and
efficient CD.

• Incorporated a transformer based NAViT module to extract local and global
features with reduced computational overhead, enhancing feature representation
for complex RS imagery.

• Designed a bottleneck layer using cascaded ASPP to expand the receptive field,
enabling precise segmentation of small and complex regions in RS images.

• Introduced a multi-headed neighborhood attention (MHNA) mechanisms to dy-
namically learn weighted mappings from MT features enhancing temporal in-
formation integration.

• Developed a hybrid loss function combining MS-SSIM, Tversky and focal losses
addressing imbalanced segmentation and ensuring accurate boundary delin-
eation.
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• Optimised the framework for reduced resource consumption while maintaining
high detection accuracy, making it suitable for largescale and high-resolution RS
dataset.

Section 2 outlines the relevant literature, Section 3 introduces the NAViT ap-
proach using the proposed framework from UNet, and Section 4 discloses the system
evaluation and talks about the outcome. The conclusion and future directions of
predictive work in the CD domain are finally covered in Section 5.

2 LITERATURE REVIEW

The goal of CD is to locate locations that have changed in the remotely sensed im-
ages obtained by MT satellite imaging, which can identify human or natural spatial
changes. It is crucial for tracking the environment and identifying shifts in land
cover and use. CD has been implemented using a variety of parameters between two
identical network topologies that are contained inside it. The customized network
module determines how similar the two inputs are, and the double-branch structure
can take in a variety of inputs. Differentiating between changed and unaltered pixels
in multi-temporal images is the aim of CD tasks. The two branches of the Siamese
network are used to extract the information from multi-temporal images. Using the
similarity between the two properties, the network then generates the change maps.
The Siamese network is thus a leading alternative for applications of change detec-
tion. Using RGB and multi-spectral images, Daudt et al. developed two Siamese
extensions of fully convolutional networks, which produced the best results on open
change detection datasets. Significant improvements in data processing for large-
scale Earth observation systems were demonstrated by their system, which trained
from scratch using annotated photos, surpassing earlier techniques and operating
500 times quicker than similar systems. Based on deep networks and slow feature
analysis theory Deep Slow Feature Analysis for CD in MT RS images was cre-
ated by Du et al. [14]. The model projects bi-temporal vision using two symmetric
deep networks, with the Slow Feature Analysis module emphasizing altered ele-
ments and suppressing unmodified ones. Chi-square distance is used to determine
the change intensity, and Change Vector Analysis pre-detection finds pixels that
have not changed. To increase the precision of encoded bitemporal visuals, Chen
and Shi [15] established a novel Siamese-based spatial-temporal attention neural
network. For more discriminative features, they integrated attention weights across
time and location using a CD self-attention (SA) mechanism to describe spatial-
temporal interactions. More reliable representations of a variety of items were made
possible by the network’s division into MS subregions by using LEVIR-CD. Chen
et al. [16] addressed the limits of resisting pseudo changes by introducing dual at-
tentive fully convolutional Siamese networks for CD in high-resolution images. By
capturing long-range dependencies, the dual attention mechanism enhances recogni-
tion performance and feature representations. By paying attention to feature pairs
that remained unchanged and increasing attention to feature pairs that changed,
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they also addressed imbalanced samples and reduced pseudo-changes. SUNNet-CD,
a closely linked Siamese network for CD tasks, was presented by Fang et al. [17].
It has deep supervision of network training through the aggregation and refinement
of semantic information at multiple levels. An edge-guided recurrent CNN, which
combines discriminative information with edge structure prior in a single frame-
work, was presented by Bai et al. [18] in order to enhance CD and generate more
accurate building boundaries. It is a Siamese convolutional neural network that
simultaneously extracts the main multilayer features from multi-temporal images.
A dual-branch network was presented by Ma et al. [19] for CD. To extract the
depth-variant semantic features of MT picture pairs and the corresponding features
of each image, the network is split into two branches. Additionally, a high-frequency
attention block was included in the study by Zheng et al. [20], High-Frequency
Attention-Guided Siamese Network. The HFAB uses high-frequency augmentation
and spatial-wise attention to improve the buildings’ high-frequency information.
The HFA-Net enhances building CD performance by efficiently identifying changes
in building edges. Three public datasets – WHU-CD, LEVIR-CD, and the Google
dataset – were used to test the approach. Yang et al. [21] combined DL and dic-
tionary learning approaches to create a CD method for RS photos. The technique
ensured that reconstruction coefficients were transferable between blocks by achiev-
ing spatial-temporal modelling and correlation of multi-temporal images. A new
loss function for discriminative feature extraction was presented, along with the
development of a differential feature discriminant network. To enhance ultrahigh-
resolution RS image CD tasks, Xu et al. [22] created the Feature-Enhanced Residual
Attention Network. With a feature-enhanced skip connection module serving as the
decoder and a Siamese network as the encoder, the network has a U-shaped encoder–
decoder architecture. Using the WHU-CD and LEVIR-CD datasets, the network
creates anticipated building change maps based on building change and building
edge information.

As a result of the irregular boundaries, the MT RSI images are highly hazy, ac-
cording to the above mentioned existing methods. An MT also struggles to provide
the necessary information because of the complicated nature of the RSI. Addition-
ally, feature extraction is a weakness of existing segmentation techniques. The fea-
ture resolution is also decreased by repeated pooling and striding procedures, which
results in the loss of detailed information. In addition, the size of changes varies
among regions. The receptive fields of convolutions may therefore be exceeded by
large alterations, while slight changes may be overlooked. To overcome the above
limitations, need to create a new model to increase the accuracy.

3 PROPOSED METHODOLOGY

The rapid development of RS technology has led to the widespread application of
CD techniques based on RS images in urban expansion, catastrophe monitoring,
and land resource planning. However, conventional building CD techniques are in-
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capable of extracting MS building features effectively or using feature maps’ local
and global information at reduced computational cost. This affects the accuracy
of the detection and limits the model’s potential uses. To solve these difficulties,
a NAViT with UNet method is proposed for MT RS images (Figure 1). The NAViT-
UNet framework is a cutting-edge architecture developed to handle the issues of
detecting change in MT RS imagery. It combines advanced feature extraction, tem-
poral fusion, and segmentation approaches to provide precise and quick analysis
of complex RS imagery. The framework is based on an encoder–decoder design,
with the encoder developed using NAViT blocks. These blocks excel in capturing
local and global properties while remaining computationally efficient using MHNA,
group normalization (GN), and skip connections. To address the temporal com-
ponent of RS images, the system includes an MTF Network, which dynamically
merges information from multiple temporal images using weighted mapping tech-
niques.

Figure 1. Workflow of proposed work
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A crucial innovation is the addition of a bottleneck layer using Cascaded ASPP,
which broadens the receptive field and allows for MS feature extraction, resulting
in precise segmentation of fine and complicated structures. The decoder uses up-
sampling layers and skip connections to recreate high-resolution feature maps for
segmentation. To improve performance even more, the system uses a mixed loss
that combines MS-SSIM, Tversky, and focal loss to provide exact border identifica-
tion and handling of imbalanced segmentation. NAViT-UNet offers a reliable and
effective solution for MT RS image analysis by skillfully integrating these elements,
which qualifies it for a variety of uses such as disaster response, urban development
study, and land monitoring.

3.1 Preprocessing

This step is critical to maintaining the quality and consistency of input data for
accurate CD in RS images. This study begins with data normalization, which stan-
dardizes the pixel intensity values of the RS images, limiting the influence of fluctu-
ations caused by differences in illumination or sensor properties. To improve feature
contrast and highlight regions of interest, contrast enhancement techniques are em-
ployed. These techniques enhance the ability to discern between areas that have
changed and those that have not by altering the intensity distribution of the image.
Denoising filters, which assist maintain fine details while eliminating artifacts that
may negatively affect model performance, are also used to reduce the noise in RS
images.

The high-resolution nature of RS images necessitates patch-wise division to par-
tition them into manageable patches without losing spatial information, enhancing
computational efficiency and allowing the model to concentrate on localized details,
while temporal alignment ensures images from different time periods align. Finally,
to improve model generalization and diversify training data, data augmentation
techniques including rotation, flipping, and scaling are used. By carefully applying
these processing steps, the input data is prepared to facilitate effective feature ex-
traction, MTF and precise segmentation in the subsequent stages of NAViT-UNet
framework.

3.2 Neighborhood Attention Vision Transformer

The proposed NAViT-UNet system relies heavily on the Neighborhood Attention
Vision Transformer (NAViT), which is intended to minimize computational over-
head and effectively extract useful features from RS images. Building on the idea of
attention mechanisms, NAViT improves the extraction of local and global character-
istics by concentrating on the neighborhood context inside feature maps. In contrast
to conventional transformers that use full attention, which can be computationally
costly, NAViT uses MHNA, which limits the computation of attention to a specific
area [23]. The capacity to describe contextual information and local relationships
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is maintained while computing performance is increased by this mechanism. The
structure of NAViT Block is illustrated in Figure 2.

Figure 2. NAVIT block structure

MHNA, a multi-layer perceptron (MLP), GN, and skip connections are the four
primary parts of each NAViT block [24]. By assigning attention weights to each
neighborhood, the MHNA mechanism divides the feature map into overlapping ar-
eas. While lowering processing costs, this concentrated attention improves the rep-
resentation of fine-grained spatial patterns. Because the attention heads work in
simultaneously, the model can capture a variety of geographical and semantic data
at different scales.

The MLP within each NAViT block offers extra non-linearity and feature trans-
formation capabilities. The MLP enables the model to capture intricate feature
interactions by projecting the attention-enhanced features into and back into higher-
dimensional environments. By normalizing the feature maps in groups, the GN layer
guarantees numerical stability and speeds up convergence. This method works espe-
cially well for processing high-resolution RS data. Every NAViT block incorporates
skip connections to alleviate the vanishing gradient issue and maintain spatial in-
formation. The model may use both shallow and deep features for precise feature
extraction thanks to these links, which make it easier for information to move be-
tween layers. These elements work together to give NAViT blocks a good balance
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between accuracy and efficiency, which makes them ideal for managing the complex
and high-dimensional properties of RS pictures.

The down sampler reduces the spatial size by half while doubling the number
of channels as shown in Figure 2. The down sampler reduces the spatial dimension
by half while increasing the number of channels. This facilitates the computation of
subsequent levels. Our model creates feature maps with dimensions of maps of size
H
4
× W

4
× H

8
× W

8
and H

12
× W

12
. It is calculated as follows:

MNA(Xij) = softmax

(︄
QijK

T
ρ(i,j) +Bij

Scale

)︄
Vρ(i,j). (1)

where ρ(i, j) denotes the neighborhood of a pixel at (i, j) ∥ ρ(i, j) ∥ = S2 (S is the
neighborhood size), Q, K, and V are linear projections of input X, Bi,j is the
relative position bias. Encoder and Decoder are two integration steps involved in
UNet. The NAViT module replaces the UNet encoder’s traditional convolutional
layers, which employ attention methods to collect local information, resulting in the
encoded feature representation. The encoded feature representation from NAViT is
connected to the UNet decoder, which gradually up samples and refines the features
to create the final segmentation map.

MNA block plays a crucial role in the NAViT block because it allows for the
automated learning of changes to the contribution of feature mapping from each
temporal image. This means that MNA enables the model to dynamically modify
the relevance or focus given on different elements or areas of an image stream. In
other words, MNA improves the network’s capacity to focus on particular informa-
tion across frames by offering a method for adaptively weighting individual frames’
contributions to the overall learning process.

It can help the model understand how certain regions change over time or identify
specific events or phenomena across multiple temporal frames. It is a hierarchical
transformer design that uses Neighborhood Attention (NA) [25] to improve image
classification. Figure 3 illustrates the query-key-value structure of NA vs. SA for
a single pixel. The NA and SA Block in the context of the “NAViT Transformer”
are important components utilized in this unique transformer-based architecture,
developed for activities requiring the capture of both global and local dependencies
in data. The “NAViT Transformer” concept expands the Transformer model by
incorporating neighborhood attention to capture local context. It is expressed by

Attention(Q,K, V ) = softmax

(︃
QKT

√
d

)︃
V. (2)

Dot product attention, where d is the embedding dimension, is used for SA over
linear projections of the same input as the query and key-value pairs.

NA allows a single pixel to attend to a local neighborhood of neighboring pixels,
computing attention weights and considering relationships between the central pixel
and its neighbors. A sliding pane that is specifically Attention restricts each pixel’s



Enhanced Change Detection in Remote Sensing Using NAViT with UNet 559

Figure 3. NA block

focus to its nearest neighbour while preserving linear equivariance, approaching SA
as the span grows. SA is a mechanism that computes attention weights based on
the relationships between different features within a single pixel. It is often used in
tasks like image denoising, where the pixel’s features are used to estimate its value.
Prior to applying the attention weights to the data, the SA mechanism normalizes
them using Softmax and calculates them using the dot product of the query and
key.

By using these blocks, the framework’s NAViT-based encoder creates hierarchi-
cal feature representations that gradually gather data at coarse and fine scales. In
MT RS pictures, where both local details and global context are important, this
skill is essential for detecting changes.

3.3 Multi Temporal Fusion Network

This is designed to dynamically adjust and combine feature contributions from dif-
ferent temporal images, enabling more effective analysis of multi-temporal RS data.
By properly using correlation weight to aggregate the complimentary data, the MTF
performs better than the conventional fusion algorithms currently in use. The char-
acteristics concatenated from each down-sampling layer are fed into the up-sampling
layers with two output channels via the MTF. This component is vital for captur-
ing complementary information from temporal images, as it adapts to the varying
quality and characteristics of the input data while ensuring accurate segmentation.
Figure 4 depicts the structure of MTF. It integrates the MTF network into the de-
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sign, allowing it to change the effect of different temporal feature maps dynamically.
The fusion process begins by generating a weight matrix used a sigmoid activation
function, which provides normalized weights for the input feature maps from multi-
ple temporal images. The sigmoid function is particularly suited for this task as it
outputs value between 0 and 1, effectively scaling the contributions of feature maps
while maintaining numerical stability during the fusion process.

Figure 4. Structure of MTF network

Following its creation, the weight matrix is divided into two distinct maps that
match the feature distributions of the two concurrent images. These impacts acts
as the dynamic scaling factors for the respective feature maps allowing the network
to focus more on ROIs in each temporal image while suppressing less relevant or
noise regions. Each feature map is then multiplied by its corresponding weight map,
ensuring that the relative importance of each temporal feature is preserved and
enhanced during this step. Following the weighting process, the temporal images
are aggregated to perform feature fusion. This aggregation integrates the refined
feature representations into a single, unified collection of feature maps, effectively
incorporating MS and complimentary information from temporal images. The MTF
network surpasses existing fusion algorithms, which sometimes rely on static or pre-
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defined weights that may fail to capture the subtle interactions between temporal
images.

Mathematically MTF Network Can be expressed as

• Let F1(X) is the feature extracted by the UNet encoder from the input X.

• F2(X) is the features extracted by NAViT blocks capturing temporal dependen-
cies in the input (assumed to be a sequence of images).

• F ′(X) is the fused features combining information from both UNet and NAViT
blocks.

• YUNet is the output segmentation mask generated by the UNet decoder.

Combining the features of UNet and NAViT using concatenation the expression
becomes

F ′(X) = F1(X)⊕ F2(X) (3)

(or)

F ′(X) = F1(X) + F2(X). (4)

The combined features F ′(X) are passed through the UNet Decoder to generate the
final Segmentation YUNet. Hence overall mathematical expression is mentioned in
Equation (5):

Y = UNet Decoder(F ′(X)). (5)

Incorporating this fusion mechanism within the NAViT layers ensures that MS fea-
tures are efficiently fused throughout the encoder. This dynamic modification and
fusing procedure considerably improves the network’s ability to handle complicated
temporal variations, allowing for more accurate segmentation and CD in MT RS im-
ages. The resulting fused features preserve valuable contextual information, which
is critical for identifying and distinguishing fine-grained details and minor changes
in the spatial landscape.

3.4 Bottleneck Layer with ASPP

The bottle neck layer serves as a crucial intermediary between the encoder and
decoder ensuring the preservation and enhancement of semantic features while ex-
panding the receptive field. This layer addresses the challenge of effectively capturing
multi scale contextual information which is essential for segmentation fine-grained
details in RS images, especially when dealing with complex or small object regions.

3.4.1 Cascaded Atrous Convolution

The ASPP module aids in the collection of MS contextual information, which can
increase network performance in tasks such as object segmentation. Even if ASPP
can handle items of different sizes to some extent, the practical scenarios’ actual
complexity is far more than ASPP’s [26]. All of the items from which ASPP can
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gather data have sizes that only differ by four distinct sizes. However, sampling
enough data to provide thorough and accurate features is challenging in open set-
tings due to unpredictable object sizes and distributions. There are two distinct
manifestations of this problem. First, ASPP with limited sample ranges cannot
fully gather the features of object components that are dispersed and disconnected
over a wide scope and create a global understanding of target objects due to the
arbitrary sizes of the objects in practice [27]. The structure of a fully convolutional
network combining encoder–decoder structures with ASPP is shown in Figure 5.
The approach intelligently includes characteristics from distinct receptive fields in
the proposed design with four cascaded distributed atrous convolutions (r = 1, 4,
8, 12) by deploying a series of atrous convolutions with varied dilation rates. The
dilation rate of 1 focuses on local features, ensuring that fine details in small regions
are captured. Larger dilation rates such as 4, 8 and 12 progressively broaden the
receptive field, allowing the network to incorporate global and contextual spatial
features. By gradually merging data from multiple layers, the model improves its
capacity to capture hierarchical representations and hence improves its ability to rec-
ognize patterns at different sizes. This subtle integration allows for a more thorough
comprehension of the input data, which might lead to increased performance in tasks
like image analysis or semantic segmentation. The existing study [24] employed four
parallel distributed atrous convolutions with dilation rates of (r = 1, 6, 12, 18).
While both approaches aim to combine features from different receptive fields, the
proposed architecture with cascaded convolutions may provide advantages in terms
of computational efficiency and more flexible feature extraction because each layer
is connected sequentially, allowing for a continuous flow of information across the
network. In comparison to the parallel method, the cascaded design enables a pro-
gressive and organized integration of elements, perhaps resulting in a more nuanced
representation of the incoming data.

This cascading structure ensures that features from multiple receptive fields are
aggregated seamlessly. By incorporating MS information, the bottleneck enhances
the detection and segmentation of small objects and subtle changes in RS images
which are often challenging to identify using standard convolution.

Atrous convolution is a potent method for altering the resolution of features
identified by DCNNs and modifying the response field used to capture MS informa-
tion. CNNs capture MS information by altering the receptive field. The application
of atrous convolution to the input x for each pixel i on the output y and filter w is
demonstrated in Equation (6) [28].

y[i] =
∑︂
k

x[i+ r.k]w[k]. (6)

Four parallel atrous convolutions with varying atrous rates make up the ASSP mod-
ule, was created to enhance the UNet technique. An image-level feature produced
by global average pooling, three parallel 3× 3 strides with rates of 1, 4, 8, and 12,
respectively, and one 1×1 convolution comprises the ASPP module. After bilinearly
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Figure 5. The architecture of a fully convolutional network with the fusion of ASPP and
encoder–decoder structures

upsampling each branch’s output features to the input size, they are concatenated
and fed into a second 1 × 1 convolution. As seen in Figure 6, ASPP is applied to
the feature map of the encoder portion, and the resultant feature map is then sent
into the decoder portion [29].

Figure 6. Proposed architecture of UNet with ASPP

3.4.2 Spatial Pyramid Pooling

To complement the atrous convolution, the bottleneck integrates spatial pyramid
pooling which processes features extracted at different scales. The pooling mecha-
nism partitions the feature maps into multiple regions and extracts representative
features from each region, creating a richer multilevel representation. The network
maintains both localized details and global context by concatenating these pooled
features before passing them through later levels. The bottleneck efficiently con-
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nects the encoder and decoder by combining spatial pyramid pooling and cascaded
atrous convolution, offering improved feature representations for segmentation ap-
plications.

3.4.3 Decoder with Upsampling Layers

Each upsampling layer has two output channels and processes concatenated fea-
tures received from the corresponding downsampling layers in the encoder. These
layers ensure that high-resolution spatial features are integrated with the abstract
features learned during encoding, preserving critical details for accurate segmenta-
tion. The upsampling operation effectively recovers spatial information lost during
the downsampling process ensuring a seamless flow of information across the net-
work

The final segmentation map is generated by concatenating processed features
and applying the Swish activation function which is used in a neural network archi-
tecture for exact segmentation, incorporating several loss functions for performing
various aspects of the task. It employs the sigmoid function to create smooth, non-
monotonic non-linearity, allowing for stable optimization and the capture of compli-
cated data patterns. Swish outperforms ReLU in terms of training convergence and
model generalization, making it an attractive function for DNN activation functions.
However, the efficacy of Swish is dependent on the dataset, network design, and task
characteristics.

For every input element with values below zero, the ReLU activation function
establishes a threshold, which is provided by

f(x) = max(0, x) = f(x) =

⎧⎨⎩xi, xi ≥ 0,

0, xi < 0.
(7)

A hybrid function that combines the sigmoid and ReLU activation functions is called
a self-gated activation function (Swish).

f(x) = x.sigmoid(β.x) =
x

1 + eβx
;−∞ < x < +∞, (8)

where β is the parameter that can be predefined, Swish is more efficient than ReLU in
most circumstances, and its key advantage is its smoothness property. The following
relationship gives the equation Swish activation function:

f(x) =

⎧⎨⎩α.x.sigmoid(δ.x), x ≤ β,

max(β, x), x > β,
(9)

where α, β, δ are the three parameters.
By employing the swish function and leveraging the precise feature refinement

of decoder, the proposed method ensures high quality segmentation, particularly in
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challenging scenarios with complex and small object regions. The combined power
of bottleneck and decoder guarantees robust and accurate segmentation outcomes
for CD in multi-temporal RS images.

To tackle the challenges of uneven segmentation and fuzzy boundaries in RS im-
ages, the proposed method incorporates a mixed loss function. This innovative loss
design combines three complementary loss functions, each addressing specific chal-
lenges in segmentation tasks. Together, they enable precise and balanced learning,
even in scenarios with complex boundaries, small object regions and class imbal-
ances.

MS-SSIM Loss.

The anticipated and ground truth segmentation maps’ similarity across several
scales is measured by the Multi-Scale Structural Similarity Index (MS-SSIM)
loss. This loss function ensures that the model captures fine-grained details and
preserves structural integrity in segmented regions.

Equation (10) depicts the binary cross-entropy (BCE) [30] loss function of
a broad semantic segmentation, which is used as the basic loss function in the
proposed network.

LBCE = − 1

N

N∑︂
i=1

[yi log ŷi + (1− yi) (1− log ŷi)] , (10)

where N is the total number of pixels, yi is the ith pixel’s ground truth, and ŷi
is its prediction.

The SSIM [31] compares the luminance, contrast, and structure of two images
to determine their resemblance.

The combination of the Swish activation function, mixed loss functions, and a
suitable neural network architecture provides a comprehensive method for exact
image segmentation. This approach should be proven by extensive testing and
assessment of individual datasets, taking into account the unique characteristics
and the needs of the segmentation task.

To begin, the brightness is compared by calculating the mean intensity.

µx =
1

n

N∑︂
i=1

xi. (11)

As specified in Equation (11), the function that combines the three elements is
the ultimate similarity metric.

S(x, y) = f(l(x, y), c(x, y), s(x, y)). (12)
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The luminance comparison of three functions is defined in Equation (13):

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1

, (13)

where C1 is a constant used to prevent instability as µ2
x + µ2

y approaches zero.
Then the contrast comparison is defined as

c(x, y) =
2σxσy + C2

σ2
x + σ2

y + C2

, (14)

C2 is also a constant. After normalizing the signals, the structural comparison
is estimated. The correlation is a straightforward and useful metric for assessing
structural similarity, as defined in Equation (15):

s(x, y) =
σxy + C3

σxσy + C3

. (15)

σxy is calculated by

σxy =
1

N − 1

max∑︂
i=1

(xi − µx)(yi − µy). (16)

By comparing Equations (12), (13), (14) and (15), the final SSIM measurement
will get, which is defined in Equation (17):

SSIM(x, y) =
[︁
l(x, y)α.c(x, y)β.s(x, y)γ

]︁
. (17)

where α > 0, β > 0, γ > 0 are the parameters, for assigning various weights to
the three components. To simplify the parameters, set the value as α = β =
γ = 1 and C3 = C2/2 [31].

This configuration is a commonly used initial setting that makes future compar-
isons with related works easier in addition to providing a succinct description of
the SSIM.

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
. (18)

When training the network, the measurements must be condensed into a single
function. As a result, a mean SSIM (MSSIM) loss is employed to assess overall
image quality is defined in Equation (19):

SSIM(X, Y )
1

M

M∑︂
j=1

SSIM(xy, yj). (19)

The final loss function of the SSIM is given:

LSSIM(X, Y ) = − 1

M

(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
. (20)
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The network was trained by combining the SSIM and BCE losses, and Equa-
tion (21) was used to determine the final loss.

L = LBCE + LSSIM . (21)

By incorporating MS analysis, MS-SSIM Loss is a MS analysis framework that
effectively segments intricate boundaries and small details in RS images, priori-
tizing local structures preservation for detecting subtle changes in MT datasets.

Tversky Loss (TL).

This loss is specifically designed to address class imbalance by modifying the
standard Dice similarity coefficient, a common issue in RS image segmentation
where certain classes may be underrepresented. It introduces tunable parameters
to control the weighting false positives and false negatives enabling the model
to focus on small or underrepresented regions in segmentation tasks [32].

The Tversky Index (TI) is defined as

TI =
|TP|

|TP|+ α|FP|+ β|FN|
, (22)

where α and β are the weights controlling the tradeoff between FP and FN. The
Tversky loss is calculated as

LTversky = 1− TI. (23)

This formulation allows for flexible handing of imbalanced datasets by adjusting
α and β.

This makes it particularly effective for capturing minor details and reducing
errors in highly imbalanced datasets ensuring that small yet significant regions
are not overlooked.

Focal Loss (FL).

This loss enhances the model’s performance in challenging regions by address-
ing the imbalance between easy to classify and hard to classify examples. It
achieves this by downweighting the contribution of easily classified pixels while
emphasizing harder examples such as fuzzy boundaries or regions with signifi-
cant overlap between classes [32]. This focused strategy improves segmentation
accuracy in challenging situations by assisting the model in learning more effi-
ciently in regions that are prone to ambiguity or misclassification. The FL is
defined as

LFocal = −
∑︂
i

α(1− pi)
γ · log(pi), (24)

where pi is the predicted probability for the correct class, α is a weighted factor
to balance the importance of positive and negative samples, γ is the focusing
parameter to adjust the contribution of hard to classify samples.
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The term (1 − pi)
γ reduces the weight of well classified examples pi close to 1

and emphasizes harder examples pi close to 0. A higher γ places greater focus
on hard to classify pixels while α balances the importance of different classes.

By integrating these three loss functions, the mixed loss function provides a bal-
anced framework the critical challenges inherent in RS image segmentation. The
MS-SSIM ensures the preservation of structural details by capturing MS sim-
ilarity which is vital for maintaining the integrity of fine-grained features and
complex boundaries. The TL effectively mitigates class imbalance, particularly
for small and underrepresented regions by dynamically adjusting the tradeoff be-
tween FPs and FNs, thereby ensuring that even minor yet significant areas are
accurately segmented. Meanwhile, FL enhances the model’s focus on difficult-to-
classify regions such as fuzzy boundaries or ambiguous transitions by prioritizing
harder examples while downweighting the influence of easily segmented areas.

This synergistic combination empowers the network to capture global and lo-
cal features, enabling precise segmentation across uneven, small, and complex
regions of RS images. The mixed loss Function holistically addresses segmenta-
tion challenges, ensuring robust learning, improved boundary delineation, and
enhanced model performance for CD tasks in MT RS images.

4 RESULTS AND DISCUSSION

The model of an improved NAViT using the UNet method with two enhancements
serves as the foundation for the suggested strategy. SSIM Loss is used to enhance
the quality, focus the fuzzy border, and accomplish accurate segmentation. ASSP
is used to capture MS features and to extend the feature receptive field. This ap-
proach conducted trials with three models to validate our approach: the baseline
NVT, a bottleneck layer using ASPP-integrated UNet with normal loss, and the
ASPP-UNet with SSIM loss. Except for the network design and loss function al-
terations indicated in Table 1, the convolutional layer, activation, and optimizer
hyperparameters of the three models are invariant to track the impact of suggested
improvements.

Model Name ASSP Integration Loss Function

UNet No LBCE

ASSP-UNet Yes LBCE

ASSP-UNet + SSIM Yes LBCE + LSSIM

Table 1. Network configuration of the three models

4.1 System and Tool Configuration

Python 3.9 was used as the major programming language for the implementation.
Python’s broad ecosystem of tools and frameworks provides a flexible and efficient



Enhanced Change Detection in Remote Sensing Using NAViT with UNet 569

environment for developing deep learning models and performing image processing
tasks. This implementation runs on the 64-bit version of Windows 10 with an Intel
Pentium CPU and 16GB of RAM.

4.2 Data Set Description

A brand-new, extensive building CD dataset based on RS is called LEVIR-CD. There
are 637 extremely high-resolution, 0.5m/pixel Patch pairs of Google Earth images
that are 1 024 × 1 024 pixels in size [15]. The proposed work would serve as a new
standard for evaluating CD methods, particularly those based on DL. Model training
uses 4 923 pairs of samples in total, of which 10% are randomly selected as validation
samples. These samples are used just to assess the network training procedure
and are not involved in model training. For a total of 10 iterations, each of the
32 sample sets in each training batch are iterated once for 100 Epochs. The learning
rate is continuously modified based on the training procedure, with a beginning
training learning rate of 0.001. In order to experiment sequentially with several
networks with the same parameters for this dataset, UNet, AUNet, SiameseNet,
Siamese AUNet, and NAViT-UNet, where the network model employed, a Python
script is used to train numerous networks one at a time. In this process, the dataset
is split into training (144 samples), testing (20 samples), and validation (36 samples).
The overall percentage of training, testing, and validation is 72%, 18%, and 10%,
respectively.

4.3 Performance Metrics

The following four evaluation metrics are used to assess the accuracy of the outcomes.
Precision is a metric that calculates the ratio of correctly predicted positive

samples to all anticipated positive samples. It is calculated as follows:

Precision =
TP

TP + FP
. (25)

The ratio of correctly predicted positive samples to all true positives is known as
Recall.

Recall =
TP

TP + FN
. (26)

The total of the precision and recall rates is the F1-score value, which is represented
as

F1 =
2

1
precision

+ 1
recall

=
2× precision× recall

precision + recall
. (27)

The Dice is commonly used to compare two samples’ similarity:

Dice =
2× TP

2× TP + FP + FN
. (28)
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The capacity of a CD technique to accurately recognize and categorize changes in
RS images is known as Accuracy. Overall accuracy can be calculated.

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
. (29)

4.4 Experimental Results

The proposed NAViT with UNet method was evaluated on multi-temporal RS
datasets and demonstrated superior performance in CD. The output of the pro-
posed NAViT with UNet approach is shown in Figure 7, which also includes the
source images, the matching ground truth masks, and the anticipated segmentation
outcomes. The model’s ability to precisely identify and segment ROI is demon-
strated by the anticipated outputs closely match with the ground truth masks. The
method’s robustness is demonstrated by the exact detection of changes and the clear
delineation of boundaries, even in small and complex areas. The model’s capacity to
successfully manage the difficulties of MT RS image segmentation is demonstrated
by this depiction.

Figure 7. Experimental results of CD using the LEVIR dataset
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The performance assessment of the proposed model is shown in Table 2 and is
based on important metrics. The method’s remarkable accuracy of 0.9988 shows
how reliable it is in accurately detecting changes in MT RS images. The model’s
ability to reduce false positives and successfully identify real changes is demonstrated
by its precision of 0.9881 and recall of 0.9932, respectively. The model’s outstand-
ing segmentation performance is further supported by the F1-score of 0.9907 and
the Dice coefficient of 0.9593, especially when handling small and complex regions.
The loss function’s ability to balance structural preservation, class imbalance, and
challenging region segmentation is demonstrated by the mixed loss value of 0.2902.
Together, these measures show how reliable, accurate, and robust the suggested
method is, which makes it ideal for CD tasks in RS image segmentation.

Performance Metrics Values

Accuracy 0.9988
Precision 0.9881
Recall 0.9932
F1 0.9907
Dice 0.9593
Mixed Loss 0.2902

Table 2. Performance results of the proposed method

Also, this research would analyse the performance with three different ratios of
testing and training

1. 15% testing and 85% training,

2. 20% testing and 80% training, and

3. 10% testing and 90%.

The overall performance measures of the parameters for three ratios which shown in
Figure 8 and the obtained values are represented in Table 3. Thus the result of the
proposed technique, while implementing the training and testing ratio of 90–10%
whose accuracy of 99% has been obtained. Our study found that NAViT with UNet
exhibits stable metrics for high-resolution images, LEVIR dataset demonstrates that
our proposed NAViT with UNet is more robust.

Training
Ratios

Precision Recall F1 Dice Accuracy Loss

90–10% 0.9881 0.9932 0.9907 0.9593 0.9988 0.2902
80–20% 0.8889 0.9270 0.9070 0.8680 0.9885 0.4747
85–15% 0.7343 0.8006 0.7660 0.7349 0.9699 0.5508

Table 3. Proposed performance results for different training testing ratios

The model’s great generalization when trained on a bigger dataset is demon-
strated by the 90–10% ratio, which exhibits the best performance, attaining nearly
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flawless scores across all criteria. Despite a minor drop in metrics, the 85–15% ratio
has strong dependability and a notably consistent precision and recall. The 80–20%
ratio performs the worst out of the three, especially in recall and the dice coefficient.
This is most likely because the absence of training data affects the model’s ability
to handle small or complex regions. Overall, the findings demonstrate how training
data size affects model performance, highlighting the fact that greater segmentation
accuracy and resilience may be achieved by the model with bigger training datasets
such as those in the 90–10% ratio.

Figure 8. Overall performance results of proposed method in different ratios

4.5 Comparative Analysis

For this analysis, the proposed method compared with the existing method such
as DASNet, UNet, AUNet, SiameseNet and Siamese AUNet across the performance
metrics such as precision, recall, dice and F1. Table 4 represents the comparative
performances, and the visualization graph is shown in Figure 9.

Methods Precision Recall F1 Dice

DASNet [25] 0.6942 0.8901 0.7661 0.7604
UNet [25] 0.8558 0.7355 0.7888 0.7911
AUNet [25] 0.8743 0.7802 0.8206 0.8248
SiameseNet [25] 0.8216 0.8283 0.8248 0.8329
Siamese AUNet [25] 0.8582 0.8702 0.8557 0.8565
Proposed NAViT-UNet 0.9881 0.9932 0.9907 0.9593

Table 4. Comparative performance results

The proposed NAViT-UNet demonstrates its better segmentation skills by out-
performing all other approaches in every statistic. Its highest precision (0.9881),
recall (0.9932), F1-score (0.9907), and Dice coefficient (0.9593) demonstrate how
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well it captures changes and preserves segmentation resilience. The model’s ability
to reduce false positives is shown in its high precision, while its ability to detect
minor changes without overlooking important features is demonstrated by its great
recall. Its accurate and balanced performance in MT RS image segmentation is
further supported by the F1-score and Dice coefficient. DASNet demonstrates poor
performance, particularly in precision 0.6942 and dice coefficient 0.7604, which is
probably because it cannot handle small and complicated regions. Although UNet
outperforms DASNet, it still falls behind in terms of total segmentation accuracy and
recall (0.7355). Even with better recall and Dice coefficients, AUNet and SiameseNet
still perform poorly when compared to the NAViT-UNet approach. With a balance
between recall (0.8702) and precision (0.8582), Siamese AUNet performs admirably.
Its measures, however, fall short of the NAViT-UNet’s precision and recall.

Figure 9. Comparative results of Precision, Recall, F1 and Dice performances
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Figure 9 highlights the significant performance gap between the proposed
NAViT-UNet and other methods. Although the segmentation accuracy of each
method varies, the NAViT-UNet is the most dependable and efficient way for MT
RS picture segmentation due to its superior performance across all parameters.

This comparative analysis confirms that the advanced architectural features in-
cluding the NAViT, MTF and ASPP contribute to the NAViT-UNet’s superior per-
formance which ensure precise detection of changes and accurate segmentation even
in complex RS images.

4.6 Discussion

The intrinsic difficulties of uneven segmentation, fuzzy borders, and class imbalance
are addressed by the proposed NAViT-UNet, which exhibits remarkable performance
in MT RS image segmentation. Both local, extremely fine features and global,
context-specific data are successfully captured by the model by combining a NAViT
with a novel MTF mechanism. This allows for precise segmentation of small and
complicated locations. The feature receptive field is further improved by the addition
of the Bottleneck Layer with ASPP, which guarantees reliable processing of MS data.
With exceptional performance metrics – achieving an accuracy of 99.88%, a precision
of 98.81%, and a recall of 99.32% – the trial results confirm the efficacy of NAViT-
UNet. The resilience of NAViT-UNet in capturing subtle and complex changes is
demonstrated by its strong outperformance in all major measures, including F1-
score and Dice coefficient, when compared to existing approaches such as DASNet,
UNet, AUNet, SiameseNet, and Siamese AUNet.

Additionally, the Mixed Loss Function guarantees that the model tackles issues
like unbalanced datasets and difficult-to-classify regions by integrating MS-SSIM
Loss, TL, and FL. By enabling accurate delineation of fuzzy borders and enhanc-
ing segmentation accuracy, this synergy strengthens the model’s resilience. The
NAViT-UNet’s adaptability to different training-testing ratios further demonstrates
its scalability and suitability for a range of RS scenarios. All things considered, this
study demonstrates NAViT-UNet’s promise as a state-of-the-art approach to RS
image segmentation. It is a useful tool for CD and segmentation in RS applications
because of its capacity to incorporate loss functions and sophisticated architectural
characteristics, setting a new standard for accuracy and resilience in the industry.
Future studies might look into applying this strategy to different fields or adding
further improvements to achieve even greater performance improvements.

4.6.1 Ablation Studies

In order to assess the contribution of each module in NAViT-UNet framework, sev-
eral ablation experiments were conducted. These experiments were designed to
isolate and evaluate the individual impact of NAViT, the cascaded ASPP module
and mixed loss function. By systematically removing or replacing each component,
access the impact on performance metrics such as accuracy, precision, recall and F1
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score. The result reveal the critical role of each module in enhancing the model’s
performance.

NAViT Module: Removing the NAViT module resulted in a significant drop in
accuracy and recall which indicating that local feature extraction through at-
tention mechanisms is crucial for capturing multi-scale details in RS imagery.

ASPP Module: Replacing the ASPP module with a simple conv layer caused
a slight decrease in segmentation accuracy particularly in complex boundary
regions which highlight the importance of broad receptive field.

Mixed Loss Function: Removing the Mixed loss function which integrates the
MS-SSIM, Tversky loss and Focal loss led to poorer segmentation performance,
especially in cases with class imbalance or small, hard-to-classify regions.

These findings confirm the significance of each module and provide insights into
their contribution to the overall success of NAViT-UNet framework.

5 CONCLUSION

This research introduces NAViT-UNet, a unique approach for MT RS image segmen-
tation, combining the strengths of NAViT with UNet. The model delivers improved
segmentation accuracy by combining novel elements such as the Neighbourhood
Attention mechanism, MTF, and Bottleneck Layer with ASPP particularly in han-
dling complex boundaries and small objects. By combining MS-SSIM Loss, TL,
and FL, the Mixed Loss Function guarantees balanced optimization while tack-
ling issues like class imbalance and hard-to-classify areas. Extensive experiments
demonstrate that NAViT-UNet significantly outperforms existing methods obtain-
ing remarkable metrics including an accuracy of 99.88%, a precision of 98.81% and
a recall 99.32%. Its scalability across different training testing ratios and robust-
ness in diverse scenarios further highlight its applicability and effectiveness. Thus,
NAViT-UNet sets a new benchmark for RS image by delivering accurate, robust
and efficient solutions for CD tasks. This research provides a strong foundation for
future advancements in RS images with potential applications extending to vari-
ous domains requiring precise image analysis. Future work could explore extending
NAViT-UNet for RS applications and integrating it with self-supervised learning
techniques to reduce dependency and enhance its performance across diverse envi-
ronments and domains.
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