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Spatial-Spectral Feature-Enhanced Mamba and
SAM-Guided Hyperspectral Multiclass

Change Detection

Tianming Zhan ", Jiagiang Qi Jinjin Zhang”, Xiacbin Yu, Qian Du”, Fellow, IEEE,

and Zehin Wu'™, Senior Member, 1EEE

Abstract— Mulficlass change defection from hyperspectral
image (HSI) leverages the rich spectral information of HS1s to
detect and classily subtle changes in interest in an imaged scene.
Huowever, challenges arise due to limited samples in small cate-
gories, which hinder the accurate differentiation of changes. This
study ses a spatial-spectral feature-enhanced Mamba and
SAM-guided (SFMS) hyperspeciral mulficlass change detection
method. To address the challenges, a tri-plane gated Mamba (tri-
Mamba) is designed to complement spatial information using the
abundant speciral information in HSIs. In addition, frequency -
domain features are combined with state-space models, enabling
the detection of more sccurste semantic and texture changes
using imtegrated information from frequency domains. This
approach effectively mitigates the problem of inscenrate detedtion
in small-sample categories. Farthermore, the sepment anything
maodel (SAM) is adapted, with the features of change areas being
enhanced through prior knowledge obtained from sepmentation,
thereby improving the mulficlass change detection accuracy.
The experi | results d rate that the propmsed SFMS
method outperforms state-of-the-art techniques, achieving supe-
rior multiclass change detection while overcoming the challenges
associated with detecting smallsample categories.

Index Terms—Mamba, multiclass change detection, segment
anything, wavelet.

I. INTRODUCTION

HANGE detection has long been a significant area of
research in computer vision, which focuses on identify-
ing alterations in the same region over different time phases,
With the rapid development of remote sensing technology,
hyperspectral image (HSI) has gained increasing prominence

Received 25 Aprl 2025; revised 8 June 2005 sccepied 18 June 2005
Diate of publication 23 June N25; date of current version 3 July 2025, This
waork was suppored in pan by the National Natoral Science Foundaton of
China under Grant 62375133 and in pan by the Key Profecs of Univer-
sity Natural Science Fund of langsn Province under Grant 2314520000,
(Comresponding auntivers Jinjin Zhang.)
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due 1o its high speciral resolution. Key study areas related 1o
HSI include target detection [1], [2], [3], classification [4]. [5],
[6], image fusion [7], [8], [9], and change detection [10], [11],
[12]. Among these, HSI change detection remains among the
most widely studied and impactful topics. These methods are
commonly used to monitor the evolution of natural environ-
mental features [13], [14]. as well as for disaster assessment
and early warning systems [ 15]. HSI change detection methods
can be binary and multiclass. While binary change detection
provides useful information, it is ofien insufficient for spe-
cialized tasks. In cortrast, multiclass change detection allows
identifving a broader range of changes, through using richer
and more detailed information.

HS1 change detection can be achieved using three
main approaches: traditional algebra-based methods, classical
machine learning techniques, and deep learning methods,
Early change detection methods primarily relied on algebraic
computations, such as change vector analysis (CWA) [16],
which identifies changes by calculating the spectral vector
difference between images from two phases. However, this
method requires selecting an appropriate threshold and often
imvolves complex image preprocessing steps. While traditional
methods offer advantages in spectral information processing,
they are highly sensitive to environmental variations and noise,
resulting in poor performance in complex or dynaniic scenes.

Classical machine learning approaches can address the
limitations of traditional methods. These angmented methods
handle the challenges posed by enwvironmental noise and
variations more effectively due to their ability o automate and
systematize feature extraction. For example, support vector
machines (SVMs) [17] have been widely used in hyperspectral
change detection due to their strong generalization capability
in high-dimensional spaces and their effectiveness in separat-
ing changed and unchanged classes. SVMs construct optinmal
hyperplanes to distinguish between classes, even in cases
where the spectral distributions are complex and nonlinear,
In the context of HSI, where redundant and noisy spectral
bands are common, 3V M-based methods have shown superior
performance in maintaining detection accuracy under varying
imaging conditions.

Despite these advances, classical machine learning tech-
niques ofien require manual feature extraction, which, while
capable of improving detection performance, depends heavily

1558-06d4 8 2005 [EEE. All ghi reserved, including fghts for text and data mining, and training of anificial imelligence
and similar technologies. Personal use is permined, but republication/redisribution requires [EEE permission.
See hnpe:fwwwiee corgipublicat ons/rightsfnde. himl for more information
Auhorired Boensed use Emiled lo: Teinghua University. Downloaded on July 22 2025 ai 10 15:16 UTC from IEEE Xgore. Resisclions apgply.
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A Novel Cross-Scale

5545816

Octave Network for

Hyperspectral and Multispectral Image Fusion

Tianming Zhan®, Zuolin Bi, Huapeng Wu®, Chao Xu, Qian Du®, Fellow, IEEE,
Yang Xu"E, Member, [EEE, and Zebin Wu™, Senior Member., IEEE

Abstraci— Recently, deep convolutional neural network-based
low-resolution hyperspectral image (LK-HSI) and high-resolution
multispectral image (HR-MSI) fusion methods have achieved
significant performance improvement. However, the rich spatial
and spectral information in HSIs is not fully explored. In this
article, we propose a novel cross-scale octave network (CSONet)
for hyperspectral and multispectral image fusion. Specifically,
we adopt a progressive image fusion structure to effectively
extract the spatial and spectral information of HR-MSI at
multiple resolutions, thereby efficiently complementing LR-HSI's
information. In addition, the proposed cross-scale octave con-
volution module can extract rich multiscale spatial feature
information and concentrate on more important spatial-spectral
features at different scales with the multiscale spatial-spectral
attention mechanism. Finally, a multisupervised loss function
is msed to improve the gradient propagation and enhance the
representation ability of the network. Ablation analysis on the
benchmark datasets shows the effectiveness of each component in
the proposed method. Extensive experimental results on different
hyperspectral images demonstrate that the proposed CSONet
can achieve superior resnlts and strong generalization ability
in comparison with some state-of-the-art LR-HSI and HR-MSI
fusion methods.

Index Terms— Attention mechanism, convolutional neural net-
work (CNN), cross-scale octave convolution, hyperspectral and
multispectral image fusion.
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l. INTRODUCTION

YPERSPECTRAL images have been widely used in

many different fields because of their rich spatial and
spectral information, such as target recognition [ 1], classifica-
tion [2], and land exploration [3]. However, due to physical
limitations, the information provided by a single sensor is
incomplete. The resolution of remote sensing images obtained
from a single sensor can only be a compromise between
spatial and spectral resolution [4]. For example, low=resolution
hyperspectral images (LR-HSIs) usually have a high spectral
resolution, but their spatial resolution is coarse; high-resolution
multispeciral images (HR-MSIs) have a higher spatial resolu-
tion, but the spectral resolution is relatively low. Therefore,
how to obtain a hyperspectral image with the high spatial reso-
lution has become an mteresting research topic. Hyperspectral
and multispectral image fusion is an important approach to
improve the spatial resolution of the observed LR-HSL The
objective of hyperspectral and multispectral image fusion is
to integrate the fine spatial texture information contained
in HR-MSI and the rich spectral information contained in
LR-HSI to obtain a fused image with high spatial and spectral
resolution. With the increasing demand for high-resolution
remole sensing data, many remote sensing image fusion meth-
ods (including pan-sharpening and HSI super-resolution) have
been proposed in recent years, such as component substi-
tution (CS)-based methods [5], [6], multiresolution analysis
(MRA)-based methods |7], model-based approaches [#], and
deep learning-based methods [9].

In the CS-based methods, spectral conversion 15 performed
on the MS image so that one or all of the components
are replaced by the PAN image to match the histogram.
Commonly used methods based on component replacement
include the intensity-hue-saturation (IHS) method [10] and
the principal component analysis (PCA) method [11]. The
advantage of this method is that the geometric structure is
well preserved, thereby obtaining an output image with fine
spatial details. On the other hand, the component replacement-
based methods carry additional spectral information and cause
spectral distortion. The methods based on MRA are expected
to mfer the missing spatial details of MS images from PAN
images and inject them into MS images. In order to improve
the effectiveness of the detail injection, wavelet-based methods
are proposed to perform image fusion. The model-based
method reconstructs the hyperspectral images with high spatial
republicabonfredistnbution requires [EEE permission.

See hitps:ihwww ieee. org/publications/rightsfindex html for more information.

Authorized licensed use fimited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on January 04,2023 at 02:50:13 UTC from IEEE Xplore. Restrictions appl

12



Multimedia Systems (2025) 31:156
https://fdoi.org/10.1007/500530-025-01710-y

REGULAR PAPER | 4.}

A novel gradient and semantic-aware transformer network
for low-light image enhancement

Tianming Zhan' . Chenyang Lu' - Huapeng Wu' - Chenyun Wang'
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Abstract

The advent of deep learning has significantly propelled the advancement of low-light image enhancement techniques. yield-
ing promising experimental outcomes. However, a series of image degradation problems such as noise and texture details
have not been effectively handled, leaving room for further improvement of low-light image enhancement performance.
In this work, we introduce a novel framework, the gradient and semantic-aware transformer network (GSTN), specifically
tailored for low-light image enhancement. Our model comprises three pivotal components: the pre-lighten network (PLNet),
which serves to light up the image to present more details and extract the illumination feature; the prior-guided enhancement
module, designed to restore image details and mitigate noise leveraging the original gradient features; and the illuminance
adjustment module (IAM), which refines the illumination of the enhanced image. In addition, we introduce discrete wavelet
transform to implement cross-domain feature interactions and multi-scale feature fusion. Extensive experiments show that
that our methods obtains better results in comparison with some state-of-the-art low-light image enhancement methods on
different low-light datasets.

Keywords Low-light image - Transformer - Discrete wavelet transform - Multi-scales

1 Introduction subsequent computational tasks, including object detection
and image segmentation. Addressing these issues, low-light
Images captured in low-light environments are frequently  image enhancement has emerged as an essential pre-process-
marred by exposure anomalies, noise interference, and  ing step, aiming to brighten the image, elucidate details in
poor contrast, which significantly degrade visual aesthet-  dark areas. and suppress noise [1, 2].
ics. More critically, these imperfections can severely impede In the past few years, many approaches have been pro-
posed in the field of low-light enhancement which are mainly
classified into traditional-based and learning-based methods.
We summarise the differences between the two in Table 1.
The traditional methods, which form the foundation of this

Communicated by Teng Li.

This work was supported in part by the National Natural Science

Foundation of China under Grant 62375133, 62471239, 62276139, field. primarily involve histogram equalization, gamma cor-
2001211, in part by the Key Projects of University Natural rection, and retinex-based techniques. Histogram equaliza-
sm.'"“e Rescarchal Jrangm _P romnes “"de.f Gmm_um'ﬁ ZM' tion [3-53] enhances images by leveraging their statistical
and in part by the Natural Science Foundation of Jiangsu Province ! R ; A &

under Grant BK20230440 and in part by the Postgraduate Research properties, effectively broadening the dynamic range of pixel
Practice Innovation Program of Jiangsu Province under Grant values to augment contrast. Gamma correction [6-8], on
KYCX23 2346, the other hand, amplifies the contrast by adjusting the ratio

between the darker and lighter regions of the image signal.
Methods based on retinex theory [9=14] typically involve
decomposing the image into reflective and illuminative com-

[ Tianming Zhan
zim@nau edu.cn

School of Computer Science, Nanjing Audit University. ponents, with the most straightforward approaches utiliz-
Nanjing 211815, China ing the derived reflective component as the final enhanced
= Jiangsu Key Construction Laboratory of Audit Information output.
Engineering. Nanjing Audit University, Nanjing 211815,
China
Published online: 14 March 2025 @ Springer

13



[EEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021 n

TDSSC: A Three-Directions Spectral-Spatial
Convolution Neural Network for Hyperspectral
Image Change Detection

Tianming Zhan @, Bo Song, Le Sun ©, Xiuping lia®, Senior Member, IEEE, Minghua Wan, Guowei Yang @,
and Zebin Wu'®, Senior Member, IEEE

Abstract—Change detection (CD) is a hot issue in the research
of remote sensing technology. Hyperspectral images (HSIs) greatly
promote the development of CD technology because of their high
resolution in the spectral domain. However, some traditional CD
methods currently applied to low-dimensional and multispectral
images cannot adapt to the complex high-dimensional features
of the HSIs. In addition, the spectral measurements of the HSI
contain a lot of noise and redundancy, which greatly contaminates
spectral-only information for CD. In order to fully extract the dis-
criminant features of HSI to improve the accuracy of CD, this arti-
cle proposes a three-directions spectral-spatial convolution neural
network (TDSSC). A novel method for three-direction decomposi-
tion of hyperspectral change tensors is proposed—change tensor is
decomposed along the spectral direction and two spatial directions
to get a single tensor containing the spectral information and
two kinds of tensors containing the spectral-spatial information.
TDSSC wses 1-D convolution to extract spectral features from the
spectral direction as well as reducing the tensor dimension, which
helps the latter network to be lightweight and significantly improves
the speed of change detection. Also, it uses 2-D convelution to
extract spectral-spatial features from two spatial directions of the
reduced tensor, and to extract features from different directions to
improve the accuracy and Kappa value of CD. The experimental

Muanuscript received October 3, 2020; revised October 21, 2020; accepted
November 1. 2020. Date of publication November 10, 2020; date of currem
version January 6, 2021 This work was supported i part by the National Natural
Science Foundation of China under Grant 61976117, Gramt 61876213, and Gramt
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and Grant I8KJAS20003, in part by the Fundamental Research Funds for
the Central Universities, under Grant 30917015104, Grant 30919011103, and
Grant 30919011402, in part by the Collaborative Innovation Center of Audit
Information Engineering and Technology under Grant 18CICAQ9, in part by
the Young Teacher Research and Cultivation Project of Nanjing Audit Uni-
versity under Grant I8QNPY0L3, and in part by the Postgraduate Research &
Practice Innovation Program of Jiangsu Provinee under Grant KYCX20_1680.
(Corresponding auwthor: Zebin W}

Tianming Zhan is with the Collaborative Innovation Center of Audit Informa-
tion Engineering and Technology and the School of Information Engineering,
Nanjing Audit University, Nanjing 211815, China (e-mail: 2m @nauw edu_cn).

Bo Song, Minghua Wan, and Guowei Yang are with the School of Informa-
tion Engineering, Nanjing Audit University, Nanjing 211815, China (e-mail:
mg 1909003 @ stu.naw.edu.cn; wanmh@sina.com; ygw_ustb@ 163.com).

Le Sun is with the School of Computer and Software, Nanjing University of
Information Science and Technology, Nanjing 210044, China {e-mail: sunlecn-
com@nuist.educn).

Xiuping Jia is with the School of Engineering and Information Technology,
The University of New South Wales, Canberra, BC 2610, Australia {e-mail:
x.jia@ adfaedu.au).

Zebin Wu 15 with the Nanjing University of Science and Technology, Nanjing
210094, China {e-mail: zebin.wu@ gmail com).

Digital Object Identifier 10.1109/5TARS. 20203037070

results of three real hyperspectral datasets show that TDSSC is
superior to most existing CD methods.

Index Terms—Change detection (CD), hyperspectral image
(HSI), spectral-spatial combination, three directions convolution
neural network.

L. INTRODUCTION

EMOTE sensing satellite hyperspectral image (HSI) is
Ra dataset that contains spatial information and abundant
spectral information. It has become an important data source for
object observation because it contains more spectral information
than multispectral images (MSI). Change detection (CD) using
multiperiod remote sensing satellite image technology has im-
portant application value in land cover analysis [1], ecosystem
monitoring [2]. portraying urban change [3]. and so forth. The
task of remote sensing image CD includes the following—
to judge whether changes have occurred, to determine where
changes have occurred, and to identify the types of changes.
These tasks and their combinations correspond to commonly
used CD types for remote sensing images [4}—anomaly CD
[51-[9]. binary CD [10]-{15]. multiclass CD [16]. [17]. and
tume-series CD [18], [19].

The CD of remote sensing images can generally be di-
vided into four steps [20]—data acquisition, data preprocessing,
change detection, and results output. The algorithm of CD is the
core of determining the CD result. In the problem of single-band
and multispectral CD, many researchers have proposed a variety
of detection algorithms, such as change vector analysis, principal
component analysis, iterative multivariate change detection. and
so on. The main starting point of these methods is to extract
the characteristics of spectral change vectors by algebraic op-
eration, image transformation, and statistical analysis. In low-
dimensional space, these methods have achieved high accuracy.
However, the MSI CD algorithm for low-dimensional space is
not ideal for high-dimensional HSI CD tasks [21], [22]. In addi-
tion, due to the high resolution of HSI, the spectral information
of the two adjacent bands 1s usually highly correlated [4], which
inevitably results in data redundancy. Therefore, how to analyze
and process HSI data and extract useful information from a large
amount of redundant data has become an important topic in the
study of HSI CD.

In order to solve the problem of high-dimensional space and
the large amount of data redundancy, deep learning has become

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see hitps:fereativecommons. orgflicenses/by/f4.0F
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Abstract: In this paper, a spectral-spatial convolution neural network with Siamese architecture
(SSCNN-S) for hyperspectral image (HSI) change detection (CD) is proposed. First, tensors are
extracted in two HSIs recorded at different time points separately and tensor pairs are constructed.
The tensor pairs are then incorporated into the spectral-spatial network to obtain two spectral-spatial
vectors. Thereafter, the Euclidean distances of the two spectral-spatial vectors are calculated to
represent the similarity of the tensor pairs. We use a Siamese network based on contrastive loss to
train and optimize the network so that the Euclidean distance output by the network describes the
similarity of tensor pairs as accurately as possible. Finally, the values obtained by inputting all tensor
pairs into the trained model are used to judge whether a pixel belongs to the change area. SSCNN-S
aims to transform the problem of HS1 CD) into a problem of similarity measurement for tensor pairs by
introducing the Siamese network. The network used to extract tensor features in SSCNN-S combines
spectral and spatial information to reduce the impact of noise on CD. Additionally, a useful four-test
scoring method is proposed to improve the experimental efficiency instead of taking the mean value
from multiple measurements. Experiments on real data sets have demonstrated the validity of the
SSCNN-S method.

Keywords: spectralspatial combination; hyperspectral image (HSI); change detection (CD); Siamese
network

1. Introduction

Due to the development of remote sensing technology it is possible to obtain hyper-
spectral images (HSIs) of the same area at different time points. Change detection (CD)
using multitemporal remote sensing data has an important application value in disaster
assessment [1], terrain change analysis [2], urban change analysis [3] and resource audit-
ing. The rich spectral and spatial information of HSIs, which contain hundreds of bands,
provides a more powerful data source for object observation. In [4], the author divides CD
into the following categories: anomaly detection [5-7], binary and multiclass CD [8-11]
and CD based on time series data [12,13].

Many researchers have studied the multispectral CD task with a low number of bands
and proposed a few CD algorithms. Change vector analysis (CVA) [14] is often combined
with other methods. By calculating the spectral change vector corresponding to a pixel,
the magnitude and angle of the spectral change of the pixel are analyzed. Multivariate
alteration detection (MAD) [15] and iteratively reweighted multivariate alteration detection
(IR-MALD}) [16] are based on canonical correlation analysis (CCA) [17]. The change area is
determined by calculating the values and their weights of MAD variables. In addition, it is
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Tensor Regression and Image Fusion-Based Change
Detection Using Hyperspectral and
Multispectral Images

Tianming Zhan ™, Yanwen Sun, Yongsheng Tang, Yang Xu ®, and Zebin Wu ®, Senior Member, IEEE

Abstract—Change detection is a popular topic in remote sensing
that is generally constrained to two remote sensing images captured
at two different times. However, the optimal type of remote sensing
image for change detection tasks has not yet been determined. The
use of only hyperspectral images (HS5Is) with low spatial resolution
or multispectral images (MSIs) with low spectral resolution cannot
obtain satisfactory change detection results. In this article, we
propose the fusion of simultaneously captured low spatial reso-
lution HSIs and low spectral resolution MSIs with the use of a
tensor regression-based method to detect change regions from the
fused images at two different time points, In this method, nonlocal
couple tensor CP decomposition is initially applied to fuse the HSIs
and MSIs. A difference image is then obtained by subtracting the
fused images at two different time points. Thereafter, the tensors
are extracted from the difference image and the tensor regression-
based method is used to classify the difference image and detect the
final change results. Experimental results from three real datasets
suggest that the proposed method substantially outperforms the
existing state-of-the-art change detection methods as well as any
change detection methods using single-source images.

Index Terms—Change detection, hyperspectral images (HSIs),
image fusion, multispectral images (MSIs), tensor regression.

1. INTRODUCTION

HANGE detection refers to calculating the difference
between images capiured in the same area at different

Manuscript received June 27, 20215 revised August 24, 20215 accepted
September 21, 2021, Date of publication September 24, 2021; date of current
version October 8. 2021 This work was supported in part by the National Natural
Science Foundation of China under Grant 61976117 and Grant 62071233,
in part by the Nawral Science Foundation of Jiangsu Province under Grant
BE20191409, in part by the Key Projects of University Natural Science Fund
of Jiangsu Province under Grant 19KJA3G0001, in part by “Qinglan Project™
of Jiangsu Universities: in part by the Fundamental Research Funds for the
Central Universities, under Grant 30917015104, Grant 3091901 1103, and Grant
30919011402, in part by the Collaborative Innovation Center of Andit Informa-
tion Engineering and Technology under Grant 18CICAQ9, in part by the Young
Teacher Research and Cultivation Project of Nanjing Audit University under
Grant 18QNPY 015, and in part by the Postgraduate Research & Practice Innova-
tion Program of Jiangsu Provinee under Gramt KYCX21_194. (Corresponding
auihor: Zebin Wa.)

Tianming Zhan is with the Jiangsu Key Construction Laboratory of Audit
Information Engineering, Nanjing Audit University. Nanjing 211815, China
School of Information Engineering, Nanjing Audit University, Nanjing 211815,
China (e-mail: #Am@nau.edu.cn).

Yanwen Sun and Yongsheng Tang are with the School of Information
Engineering. MNanjing Audit University, Nanjing 211815, China (e-mail:
mg 2009111 @stu nav.edu.cn; me20091 18 @stunau.edu.cn).

Yang Xu and Zebin Wu are with the Nanjing University of Science
and Technology, Nanjing 210094, China (e-mail: xuyangth®0@njustedu.cn:
zebin. wu@ gmail com).

Digital Object Identifier 10.110%ISTARS.2021.3115345

time points via image processing and mathematical modeling
technigues [1]-[5]. Change detection based on remote sensing
images is a multidisciplinary technology involving geographic
science, statistical science, and computer science and represents
a popular research topic in the field of remote sensing [6]-[16].
Although remote sensing image change detection methods have
been widely studied, several challenges remain, such as remote
sensing images containing noise, blur, and other degradation
problems due to the various structures of ground features, atmo-
spheric radiation, and other factors. Beside this, spectral variabil-
ity also make it difficult for spectral unmixing or object detection
[17]. Thus, relying solely on spectral information is not sufficient
to distinguish different objects [ 18]-{20]. Spectral-spatial fusion
based methods are wildly used in hyperspectral image (HSI) pro-
cessing field [21]-{23]. For example, Hong et al. [24] proposed
a novel linearized subspace analysis technique with spatial-
spectral manifold alignment for hyperspectral dimensionality
reduction, and overcome the drawbacks in explainability, cost
effectiveness, generalization capability, and representability of
conventional nonlinear subspace leaming.

At present, HSIs and multispectral images (MS5Is) are often
used for change detection. However, using only HSIs with low
spatial resolution or MSIs with low spectral resolution cannot
obtain satisfactory change detection results. Additionally, the
remote sensing images collected during different periods may
be captured by different sensing devices, and their spatial and
spectral resolutions may be inconsistent [25]. To accurately
detect change areas in remote sensing images, itis very important
to fuse remote sensing images from different periods to achieve
the same spatial and temporal resolutions [26]-27].

In recent years, fusing HSIs and MSIs to improve resolution
has attracted much attention. The most popular fusion meth-
ods include fusion algorithms based on component replace-
ment [28], detail injection methods [29], spectral unmixing
methods [30], deep learning methods [31]-{33], and tensor
representation-based methods [34]-[36]. The main idea behind
the tensor representation-based fusion method involves treating
high-dimensional remote sensing images as a high-order tensor
and using tensor decomposition technology and a regularization
method to achieve high-dimensional image fusion. Li et al. [37]
proposed a new HSI fusion method based on non-local sparse
tensor decomposition. This method initially gathers similar hy-
perspectral blocks into a cluster, with similar blocks sharing
the same dictionary. Each cluster learns a spectral dictionary
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BRCN-ERN: A Bidirectional Reconstruction
Coding Network and Enhanced Residual
Network for Hyperspectral
Change Detection

Bo Song, Yongsheng Tang, Tianming Zhan'

Abstract— Change detection (CD) is a hot issue in the field of
remote sensing. Hyperspectral images (HSIs) contain rich spec-
tral information and have gradually become an important data
source in CI). Spectral-spatial combination is a commonly used
strategy for suppressing the influence of noise on the spectrum.
However, it is difficult to find a feature space that allows both
spectral and spatial features to be optimally expressed. Therefore,
this letter proposes a bidirectional reconstruction coding network
and enhanced residual neitwork for HSI CD (i.e., BRCN-ERN)
based on the strategy of completely extracting spectral and spatial
features separately and then fusing them together. In the spectral
module, we use the spectrum of unchanged pixels at two time
points to construct a bidirectional reconstruction network, and
use the reconstruction error as a new source of spectral features.
In the spatial module, we nse advanced band selection algorithms
to filter the bands with good spatial information and design an
enhanced 2-D residual network to extract the spatial features
of the change tensor. Finally, the obtained spectral and spatial
feature vectors are fused and inputted into the fully connected
classification network to obtain the final CD map. Real HSI
experiments show that our proposed BRCN-ERN has a better
CD effect and is more effective than most existing algorithms.

Index Terms—Bidirectional reconstruction coding network
(BRCN), change detection (CD), enhanced residual network
(ERN), hyperspectral image (HSI), spectral-spatial combination,
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I. INTRODUCTION

WITH the development of remote sensing technology,
change detection (CD) based on remote sensing image
has important applications in urban development [1], terrain
analysis [2], resource analysis [3], and other fields. Hyper-
spectral imaging technology 1s a product of the development of
remote sensing technology and is also an important data source
for remote sensing images. The rich spectral information of
hyperspectral images (HSIs) provides more refined spectral
features than traditional multispectral images. Simultancously,
it brings high dimensions and a greal deal of redundancy,
which introduces challenges to the feature extraction task.

Deep learning can be used for both feature extraction and
data dimensionality reduction, which can effectively deal with
the challenges brought by HSI. Boulch et al. [4] used a 1-D
convolutional neural network (|DCNN) to extract rich spectral
information. However, Li et al. |[5] mentioned that only using
spectral information will be limited by noise and redundancy
in the spectrum. The spatial context information has been
verified that it is useful for improving the performance of land-
cover change detection (LCCD) with HSIs [6]. Therefore, the
spectral-spatial combination strategy of integrating spectral
and spatial information into feature extraction has become an
importani research direction. Notably, Ben Hamida et al. 7]
and Luo er al. [8] used a 3-D convolutional neural network
(3IDCNN) that can extract spectral and spatial features simul-
taneously and achieved good results. However, an important
fact is that 1t 1s difficult to find a feature space that allows both
spectral and spatial features to be optimally expressed. No mat-
ter which feature is the main feature, the other feature will be
lacking or redundant. In this context, the method proposed
in this letter attempts to completely separate spectral feature
extraction from spatial feature extraction before performing
feature fusion.

The spectral change vector [9] is an important source of
spectral change features. However, since it is affected by
factors such as noise, the spectrum of the unchanged pixels
al two time points will have a certain difference. Inspired by
the coding network in image reconstruction, we attempt to
use the spectrum of unchanged pixels at two time points for
bidirectional reconstruction, and use the reconstructed error as
a supplementary source of spectral features.

1558-0571 © 2021 IEEE. Personal use is permitted, but republicationfredistribution requires [EEE permission.
See hitps:ffwww.icee org/publications/nightsfindex html for more information.
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Abstract

Deep convolutional neural networks based remote sensing change detection has recently
shown significant performance improvement. However, small region changes and global-
loeal features in high-resolution remote sensing images are nat fully explored. This paper
introduces a hybrid U-shaped and transformer network for change detection in high-
resolution remote sensing images. Specifically, a UNet++-based backbone to facilitate
feature learning across different scales. In addition, we introduce a transformer-based
feature fusion module for extracting long-range dependencies, which can enhance the
representation ability of the network. Furthermore, the introduced efficient channel atten-
tion mechanism can efficiently calibrate the feature representation and concentrate on
more important feature information. Thanks to the above designs, the proposed method
enjoys a strong ability to extract local and global features for rernote sensing change detec-
tion. Extensive experimental results on different remote sensing images show that our
method can achieve superior performance in comparison with state-of-the-art change
detection methods.

Marural Soience Foundation of China, Gran# Avward
Numbers: 619761 17, 42375133

1 | INTRODUCTION

With the advancement and application of remote sensing tech-
nology [1], an increasing amount of data is being collected
by remote sensing platforms, which are widely used in vari-
ous fields. Remote sensing image CD targets the differences
berween the objects at different umes [2], which has been an
important tool for urban expansion [3-6], land exploration |7,
8], disaster assessment [9—12], and environmental monitoring
[13=17). Many factors contribute to these “semantic changes,”
including deformation, relative movement, addition, or dis-
appearance of elements. The challenge of CD is to ensure
that the final change map does not contain “non-semantic
changes,” such as camera movement, sensor noise, or lighting
variations,

Deep learning has become the primary method for CD in
remote sensing images due to its strong learning ability [18].
Fu et al. [19] first introduced a Siamese convolutional network
for change detection (CD) tasks. Bi-temporal images can be
processed simultanecusly by the Siamese network structure. In

This is an open access article under the rerms of the Creative Commons |

ref. [20], two bi-temporal images are concatenated as the input
of FC-EF. FC-Siam-cone and FC-Siam-diff use the Siamese
structure to directly process the bi-temporal images. By incor-
porating the explicit comparison mechanism, the detection
ability of FC-Siam-diff can be further improved. To expand
the receptive field of the network, Zhang et al. [21] introduce
dilated convolutions.

Xu et al [21] introduce dilated convolutions to expand
the receptive field of the network, which can obtain better
experimental performance without adding parameters. In refs.
[22, 23], they use the deep convolutional network based on
ResNetl8 and ResNet5(), respectively, to expand the receptive
field of the network, which exhibits superior detection perfor-
mance in comparison with shallow networks. Fang et al. [24]
propose a CD method that uses dense connections, which can
effectively facilitate the Aow of feature information in different
layers. In refs. [25, 26], they propose CI} networks based on

the attention mechanism. These models can improve network’s
change detection performance by selectively focusing onimpor-
tant features with the help of artentdon mechanism. Although

original work is properly cited, the use is noa-commercial and no modifications or adaprations are k.
© 2024 The Authors. {51 e Processing published by John Wiley & Soos Lsd on behalf of The Inssinstion of Engineering and Technology.
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Abstract

Recently, transformer networks based on hyperspectral image super-resolution have achieved significant performance in
comparison with most convolution neural networks. However, this is still an open problem of how to efficiently design a
lightweight transformer structure to extract long-range spatial and spectral information from hyperspectral images. This
paper proposes a novel spatial and spectral transformer network (SSTIN) for hyperspectral image super-resolution. Specifi-
cally, the proposed transformer framework mainly consists of multiple consecutive alternating global attention layers and
regional attention layers. In the global attention layer, a spatial and speciral self-attention module with less complexity s
introduced to learn spatial and spectral global interaction, which can enhance the representation ability of the network. In
addition, the proposed regional attention layer can extract regional feature information by using a window self-attention
based on zero-padding strategy. This alternating architecture can adaptively learn regional and global feature information of
hyperspectral images. Extensive experimental results demonstrate that the proposed method can achieve superior performance
in comparison with the state-of-the-art hyperspectral image super-resolution methods.

Keywords Hyperspectral image (HSI) super-resolution - Transformer - Window attention

1 Introduction

Hyperspectral image (HSI) is a continuous and narrow band
image data with high spectral resolution, which is widely

Communicated by Q. Shen. applied in various fields such as medical diagnosis [ 1-3].
food quality and safety control [4, 5], remote sensing [6=9],
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hardware modifications. Hyperspectral image super-resolu-
tion techniques can be divided into two categories based
on the number of inpul images: fusion-based hyperspec-
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KANformer: Dual-Priors-Guided Low-Light Enhancement
via KAN and Transformer

CHENYANG LU, School of Computer Science, Nanjing Audit University, Nanjing, China
ZHIKA]I WEI and HUAPENG WU, Nanjing Audit University, Nanjing, China

LE SUN, Nanjing University of Information Science and Technology, Nanjing, China
TIANMING ZHAN, Nanjing Audit University, Nanjing, China

Images captured under low-light conditions suffer from poor visibility and clarity due to insufficient light.
The emergence of deep learning has greatly boosted the development of low-light enhancement techniques
and achieved promising results. However, while these low-light enhancement methods have enhanced the
perceptual effects of human vision, their results in high-level visual tasks (e.g., object detection and se-
mantic segmentation) are still unstable and even sometimes bring negative effects. Therefore, in this work,
we propose a new model, KANformer, which uses a semantic-gradient prior as a guide to recover pixels
relevant to the image subject from both high-frequency and low-frequency perspectives. Specifically, our
model consists of three key components: Low-Frequency Enhancement (LFE) module, which aims to enhance
the restoration of the image subject via the semantic prior obtained from SAM: Low-Frequency-Based High-
Frequency Enhancement (LFHE) module, which utilizes the KAN module to obtain information from the low-
frequency features conducive to the enhancement of high-frequency features; and Gradient-Based
High-Frequency Enhancement (GHE) module, which aims to utilize the original gradient as prior to further
enhance the structural information of the image and reduce the effect of noise. In addition, we introduce the
discrete wavelet transform as down-sampling method while transforming the spatial domain features to the
frequency domain for processing. Experiments on multiple paired and unpaired datasets show that our method
achieves better visualization and image fidelity compared to other state-of-the-art methods. In addition,
experiments on object detection and segmentation show that our method provides better enhancement in
improving low-light high-level vision tasks.

(CCS Concepts: » Computing methodologies — Computer vision: Neural networks;

Additional Key Words and Phrases: Low-light enhancement, transformer, kolmogorov-amold networks,
wavelet transform
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