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Abstract: Detecting binary changes in co-registered bitemporal hyperspectral images
(HSIs) using deep learning methods is challenging due to the high dimensionality of
spectral data and significant variations between images. To address this challenge, previous
approaches often used dimensionality reduction methods separately from the change
detection network, leading to less accurate results. In this study, we propose an end-
to-end fully connected adversarial network (EFC-AdvNet) for binary change detection,
which efficiently reduces the dimensionality of bitemporal HSIs and simultaneously detects
changes between them. This is accomplished by extracting critical spectral features at the
pixel level through a self-spectral reconstruction (SSR) module working in conjunction
with an adversarial change detection (Adv-CD) module to effectively delineate changes
between bitemporal HSIs. The SSR module employs a fully connected autoencoder for
hyperspectral dimensionality reduction and spectral feature extraction. By integrating the
encoder segment of the SSR module with the change detection network of the Adv-CD
module, we create a generator that directly produces highly accurate change maps. This
joint learning approach enhances both feature extraction and change detection capabilities.
The proposed network is trained using a comprehensive loss function derived from the
concurrent learning of the SSR and Adv-CD modules, establishing EFC-AdvNet as a robust
end-to-end network for hyperspectral binary change detection. Experimental evaluations
of EFC-AdvNet on three public hyperspectral datasets demonstrate that joint learning
between the SSR and Adv-CD modules improves the overall accuracy (OA) by 5.44%,
10.43%, and 7.52% for the Farmland, Hermiston, and River datasets, respectively, compared
with the separate learning approach.

Keywords: hyperspectral bitemporal images; dimensionality reduction; binary change
detection; adversarial networks; autoencoder

1. Introduction
Hyperspectral imaging is a powerful technique that allows for the collection and

analysis of detailed spectral information for each pixel in an image. This technique captures
images across a wide range of wavelengths in the electromagnetic spectrum, providing
valuable information about the composition and characteristics of objects or materials
in a scene. By measuring and analyzing the reflected radiation at different wavelengths,
hyperspectral images (HSIs) enable the detection and differentiation of unique materials
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with high accuracy [1]. One important application of HSIs is change detection, which
involves comparing multiple HSIs taken at different times to identify and analyze changes
in a scene over time. This analysis can be applied to various fields, such as agriculture,
environmental monitoring, urban planning, and defense. The main objective of change
detection in HSIs is to detect and quantify the changes in the spectral properties of objects or
materials in a scene. These changes may be indicative of land-cover changes, environmental
changes, or other significant events that can provide valuable insights for decision-making
processes. Various methods and algorithms have been developed for detecting changes in
HSIs [2].

1.1. Traditional vs. Deep Learning Approaches in Hyperspectral Change Detection

Traditional change detection methods typically involve two main steps: generating
a difference image (DI) and analyzing it to produce a binary or multiclass change map
(CM) [3]. For HSIs, these operations are performed at the pixel-vector level. The process
of generating a DI typically involves calculating the Euclidean distance between pixels,
which is a method known as change vector analysis (CVA) [4]. While CVA effectively
captures all relevant change information, it can also introduce some noise. Principal
component analysis (PCA) [5] is another technique used to reduce dimensions, but it
is sensitive to the statistical properties of the image and unbalanced data. Iteratively
reweighed multivariate alteration detection (IR-MAD) [6] is another method that assigns
different weights to observations iteratively, resulting in greater stability, but it potentially
overlooks the relationship between bitemporal bands. With regard to DI binarization,
clustering algorithms such as K-means, fuzzy c-means, and fuzzy local information c-means
(FLICM) [7] can be effective in preserving change information while eliminating noise.

These methods rely on handcrafted features and predefined thresholds, which may
not effectively capture the complex and subtle changes present in the data and cannot
exploit the spectral information in HSIs, thereby limiting their ability to detect changes
based on spectral signatures. Recently, deep learning (DL)-based methods have shown
great promise in the field of change detection in HSIs. For instance, convolutional neural
networks (CNNs) are particularly effective for learning hierarchical representations of
spatial–spectral features from HSIs [8]. CNNs can automatically extract relevant features
and detect changes in the spectral properties of objects or materials in a scene by applying
convolutional layers and pooling operations. Several studies have explored the use of these
networks and proposed various approaches, including band expansion techniques [9] and
spectral–temporal transformers [10]. Additionally, there is ongoing research on developing
deep learning models that can effectively detect changes by leveraging the spatial and
spectral information present in HSIs, such as spectral–spatial–temporal transformers [11].
Overall, CNNs offer promising solutions for change detection in hyperspectral data with
the potential for further advancements in the field [12]. Moreover, autoencoders (AEs) have
also shown powerful feature extraction abilities, making it possible to establish a nonlinear
complex mapping relationship [13].

1.2. Generative Adversarial Networks in Remote Sensing: Advancements and Applications in
Hyperspectral Change Detection

Generative adversarial networks (GANs) [14] have recently gained widespread atten-
tion in the remote sensing domain due to their powerful generalization capabilities and
their ability to learn useful representation features [15,16]. The application of adversarial
networks (Adv-Nets) in change detection tasks for remote sensing data is distinguished
from other methods by several key factors. For instance, adversarial training excels at
learning complex feature representations from high-dimensional data [17], which is crucial
in remote sensing, where images can vary significantly in spectral and spatial resolution.
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This ability allows Adv-Nets to effectively capture subtle changes in the environment that
may be overlooked by traditional methods. Moreover, the adversarial nature of GANs,
involving a generator and a discriminator, facilitates a more nuanced approach to change
detection. The generator creates synthetic data that resemble the target domain, while the
discriminator evaluates the authenticity of the generated data. This dynamic improves the
model’s robustness against noise and variations in the input data, enhancing its ability to
detect changes accurately [18].

These characteristics have led to their successful application in various HSI tasks,
including classification [19,20], fusion [21], and target detection [22]. For change detection
tasks, most studies have applied GANs to various remote sensing data, such as radar
images, RGB images, and multispectral images. For instance, Gong et al. [23] utilized a
GAN to generate labeled samples for M-Nary change detection tasks, where the number
of change categories can be binary or ternary. Wu et al. also developed an end-to-end
framework that can handle different types of change detection tasks in a unified manner
using a GAN [24]. GANs have shown effectiveness in improving the performance of
change detection networks, enhancing feature integrity, and increasing the change detection
accuracy in urban scenes [25]. However, only a few studies have used Adv-Nets for
hyperspectral change detection. For instance, Lei et al. [26] used adversarial learning to
extract spectral features and detect changes in an unsupervised manner. Wen et al. [27]
proposed an adaptive self-paced collaborative and 3D adversarial multitask network
for semantic change detection. Other works proposed a GAN for detecting changes in
multispectral images [28,29]. However, these works are not considered end-to-end methods
because they require the use of PCA, CVA [28], or image differencing methods for pre-
detection. These methods offer valuable insights into the changed and unchanged regions,
which are essential for obtaining suitable training samples to learn the task of change
detection. In addition, some studies used post-detection instead of pre-detection [13], such
as the mean absolute error (MAE) or thresholding [29], to obtain the final change map.
Therefore, the final performance of a GAN model depends on the efficiency of the pre- or
post-detection techniques.

1.3. High-Dimensionality Challenge in Adversarial Learning for Hyperspectral Change Detection

Recognizing both the importance and exceptional performance of adversarial learning
in the change detection task and, at the same time, observing a lack of research on utilizing
such learning for hyperspectral data, we propose an innovative end-to-end framework
based on an Adv-Net for binary change detection in bitemporal HSIs. However, training
this network on hyperspectral data is challenging due to the high dimensionality and may
not lead to better performance because of the pixel-based spectral differences between
bitemporal HSIs. These differences may represent genuine changes in a scene or merely
irrelevant variations, making it challenging for the network to distinguish between signifi-
cant changes and normal spectral fluctuations. To solve the problem of high dimensionality,
some studies have used traditional methods such as independent component analysis
(ICA) [30], PCA combined with wavelet packets and neighbor shrinking [31], and linear
discriminant analysis (LDA) [32]. Moreover, Cao et al. [33] proposed local and global
sparse representation for dimensionality reduction. Other solutions based on autoencoder
models have also been proposed for dimensionality reduction, such as the collaborative
superpixelwise autoencoder for unsupervised dimension reduction in HSIs proposed by
Yao et al. [34] and low-dimensional GANs for image generation [35]. Applying these
methods to reduce the dimensionality of bitemporal HSIs is challenging due to the fact
that these methods may suffer from spectral affinity extraction from both images. In order
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to solve this problem, Ou et al. [36] proposed a progressive feature extraction module to
compress the information.

In this study, we propose an end-to-end fully connected adversarial network (EFC-
AdvNet) for binary change detection. This network consists of two modules: a self-spectral
reconstruction (SSR) module and an adversarial change detection (Adv-CD) module. The
SSR module is designed to reduce the dimensionality of bitemporal images and extract
relevant spectral features from both images. It functions as a pixel-based autoencoder, com-
prising an encoder that compresses the combined input images into relevant information
for change detection and a decoder that reconstructs the low-dimensional output from
the combined input images. This autoencoder is trained in an unsupervised manner to
reconstruct the input bitemporal images at the output.

Unlike other methods that train the dimensionality reduction network separately
from the adversarial network [26,35], we connect the encoder part of the SSR module,
which reduces the dimensionality of the bitemporal HSIs, directly to the change detection
component of the Adv-CD module. This integration creates the generator network of
our EFC-AdvNet, which is responsible for producing the change map, as illustrated in
the global framework in Figure 1. The Adv-CD module effectively utilizes the spectral
information in the latent feature space generated after applying dimensionality reduction
to delineate changes. The discriminator network then evaluates whether the generated
change map is real or fake through adversarial learning. This architecture enables the
detection of subtle changes in spectral signatures and allows the model to learn complex
relationships between pixels within images, facilitating differentiation between relevant
changes and irrelevant variations or noise.

T0

T1

Encoder
Network 

Latent Features

Decoder
Network 

Reconstructed Vector 

Change Detection
Network 

Discriminator
Network 

Generated CM

Real/Fake

Generator Network 

Self-Spectral
Reconstruction (SSR)

Adversarial  Change Detection
(Adv-CD)

Real CM

Concatenate

   

Figure 1. Global framework of the end-to-end fully connected adversarial network (EFC-AdvNet).

The main contributions of this study are summarized in the following points:

• This study proposes EFC-AdvNet, a novel end-to-end fully connected adversarial
network for hyperspectral change detection. This network combines a self-spectral
reconstruction (SSR) module with an adversarial change detection (Adv-CD) module
to extract relevant spectral features and delineate changes between bitemporal HSIs.

• The proposed EFC-AdvNet employs an innovative joint learning by integrating the
SSR module’s autoencoder for dimensionality reduction with the Adv-CD module’s
change detection network. This synergy enables the direct generation of accurate
change maps.

• In this study, we implement comprehensive training through a unified loss func-
tion derived from the concurrent learning of the SSR and Adv-CD modules. The
experimental results on three public datasets demonstrate EFC-AdvNet’s superior
performance compared with that of state-of-the-art methods.



Remote Sens. 2025, 17, 5 5 of 23

2. Materials and Methods
2.1. Dataset Description

The HSI datasets utilized in this study’s experiments were sourced from the Earth
Observing-1 (EO-1) Hyperion sensor. The EO-1 Hyperion sensor spans a spectral range
of 0.4 to 2.5 micrometers, encompassing 242 spectral bands. It offers a spectral resolution
of approximately 10 nanometers and a spatial resolution of 30 m. Despite the availability
of 242 spectral bands in the Hyperion sensor, the quality of HSI data can be significantly
compromised by atmospheric conditions, with certain bands exhibiting a low signal-
to-noise ratio (SNR). Consequently, based on prior research and the requirements for
effective image analysis visualization, only bands demonstrating a high SNR are chosen
for subsequent analysis. The conducted experiments leverage these selected datasets after
noise reduction and utilize ground truth maps for the purpose of binary change detection.

1. Farmland dataset [37]: This dataset, which is also known as the China dataset, com-
prises bitemporal HSIs captured on 3 May 2006 (T0) and 23 April 2007 (T1), over
farmland in Yuncheng, Jiangsu, China. These images have a size of 420 × 140 pixels
with 155 spectral bands after the removal of noisy and water-absorbing bands. It
primarily focuses on changes in crops and is suitable for surveys related to changes in
cultivated land. Pseudo-color images utilizing bands 91, 103, and 123 are depicted
in Figure 2a.

2. Hermiston dataset [38]: This dataset, which is also known as the USA dataset, origi-
nates from an irrigated agricultural area in Hermiston, located in Umatilla County,
Oregon, USA. The dataset was collected on two occasions: 1 May 2004 (T0) and
8 May 2007 (T0). It encompasses a diverse landscape that includes a variety of ir-
rigated fields, a river, and cultivated lands. The dataset images’ dimensions are
307 × 241 pixels, and it includes 154 spectral bands. For visualization purposes,
pseudo-color images that combine bands 91, 103, and 123 are presented in Figure 2b.

3. River dataset [39]: This dataset consists of bitemporal HSIs captured on 3 May 2013
and 31 December 2013, in Jiangsu province, China. This dataset comprises images
of 463 × 241 pixels with 198 spectral bands after the removal of noisy bands. The
primary focus of this dataset is on detecting the disappearance of substances in
the river. Pseudo-color images that combine bands 30, 60, and 100 are presented
in Figure 2c.

T0 T1 GT T0 T1 GT T0 T1 GT
(a) (b) (c)

Figure 2. Pseudo-color bitemporal images (T0 and T1) of the three datasets with their ground truth
(GT). (a) Farmland dataset, (b) Hermiston dataset, and (c) River dataset.

2.2. Methodology

In this section, we thoroughly examine our novel methodology. We begin by explain-
ing the self-spectral reconstruction module, which is employed to reduce hyperspectral
dimensions and extract spectral features. Following this, we discuss the architecture of the
adversarial change detection module, a fully connected GAN that forms the foundation for
reliable change detection.
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2.2.1. Self-Spectral Reconstruction (SSR)

Hyperspectral change detection encounters the challenge of the curse of dimensional-
ity. To mitigate this issue, we propose restricting the entire latent space for characterizing
HSIs to minimize reconstruction errors, thereby ensuring that latent features effectively cap-
ture the original data. Our approach involves utilizing a self-spectral reconstruction module
based on an autoencoder network to extract spectral features in a low-dimensional repre-
sentation by modeling the projections of observed bitemporal HSIs into the latent space.

Let T0 and T1 represent hyperspectral bitemporal images with P × Q as the total
number of pixels and K spectral channels.

T0 =
[
t1
0, t2

0, . . . , ti
0, . . . , t(P×Q)

0

]
∈ R(P×Q×K),

T1 =
[
t1
1, t2

1, . . . , ti
1, . . . , t(P×Q)

1

]
∈ R(P×Q×K),

(1)

where ti
0 and ti

1 denote the spectral vectors of the pixel i of images acquired at T0 and
T1, respectively. The encoder (E) learns to compress the concatenated vector Xi of the
bitemporal spectral vectors ti

0 and ti
1 to a low-dimensional representation Zi through

the function f , while the decoder (D) decompresses the low-dimensional vector Zi to a
reconstructed vector using the function g as follows:

Xi =
[
ti
0, ti

1

]
, (2)

Zi = f (WeXi + be), (3)

X̂i = g
(

WdZi + bd
)

, (4)

where the encoding process is parameterized by the trainable weight matrix We and bias
vector be, while the decoding process is governed by the weight matrix Wd and bias vector
bd to obtain the reconstructed vector X̂i. The mean squared error (MSE) is chosen as the loss
function LAE to train the autoencoder. This loss function gives a higher weight to larger
errors than smaller ones, which makes it suitable for image reconstruction tasks.

LAE = ∥Xi − X̂i∥2
2. (5)

2.2.2. Adversarial Change Detection (Adv-CD) for Hyperspectral Images

In order to detect changes from a low-dimensional representation of bitemporal HSIs,
the generated spectral vector Zi from the encoder network of the SSR module is fed
into a change detection network (CD). The encoder network and the change detection
network are combined and trained together as a generator (G) that is part of the Adv-CD
module, as shown in Figure 1. The main function of the generator is to map the bitemporal
hyperspectral vectors into a changed or unchanged pixel through the function C, which is
defined as follows:

Ŷi = C(Wc · f (WeXi + be) + bc), (6)

where Wc and bc are the trainable parameters of the change detection network. All of the
parameters of the encoder and the CD network are updated while training the generator to
detect changes from the bitemporal HSIs. The result is then fed into the discriminator (Dis)
to decide whether the generated pixel Ŷi is correct or not based on the pixels of the real
ground truth (GT) image. The generator and the discriminator sub-networks are trained in
an adversarial manner, where the generator undertakes the responsibility of translating the
combined vector Xi into a changed or unchanged pixel. Simultaneously, the discriminator
is given the combined input vector Xi and a real or generated pixel and must determine
whether the generated pixel is real or fake. Therefore, the generator and the discriminator
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are trained in an adversarial manner where the generator tries to fool the discriminator by
generating pixels as correctly as possible, and the discriminator tries to distinguish between
the generated and real pixels through the following adversarial loss:

LAdv(G, Dis) = Arg minGmaxDisL(G, Dis), (7)

where L is the commonly used loss function of the conditional GAN [40] defined as follows:

L = E(X,Y)[log(Dis(X, Y))] +EX [log(1 − Dis(X, G(X)))]. (8)

The generation of the output is conditioned on the bitemporal vectors. The discrimina-
tor is provided both with bitemporal images and with the change map. The discriminator is
updated directly, while the generator is updated indirectly through the discriminator, with
the loss function being updated accordingly. The generator is trained using an adversarial
loss, which encourages the generator to produce realistic pixel values. The generator is also
updated via discriminative loss Ld, which is measured between the generated pixel Ŷi and
the expected output pixel Yi extracted from the real change map. It is expressed as follows:

Ld = |Yi − Ŷi|. (9)

This additional loss encourages the generator to create plausible translations of the
input images. We chose the mean absolute error (MAE), which is often more interpretable
than the MSE because it is on the same scale as the original data and can compare the
pixel intensity values, making it more suitable for our case. The weights of the generator
are updated using a combination of the adversarial loss (LAdv), which is derived from
the discriminator output, and the discriminative loss (Ld). These two loss scores are
added together, with the loss Ld serving as a regularizing term, and this is weighted by a
hyperparameter denoted as alpha (α). According to the originally proposed loss function
in [40], this parameter is set to 100 in order to give the Ld loss more importance than
the adversarial loss for the generator during training. The GAN loss can be expressed
as follows:

LGAN = LAdv + αLd. (10)

The encoder network, a pivotal component shared between the generator sub-network
and the SSR module, is updated through the global loss (LG), which combines the GAN
loss (LGAN) and reconstruction loss (LAE), as presented in the following equation:

LG = LGAN + βLAE, (11)

where LAE is weighted by β, which is set to 1. According to the experiment, it is found
that maintaining equal weights for both the GAN loss (LGAN) and the reconstruction loss
(LAE) yielded the best performance. This approach ensures that neither loss dominates the
optimization process, allowing the model to effectively learn from both aspects.

2.2.3. Network Architecture

In the training process, each pixel in the spatial domain, corresponding to a spectral
vector, is treated as an individual training sample. The training batch size is set to be
equal to the total number of spatial pixels present in the given HSI. A fully connected
network architecture is chosen to effectively handle vector inputs by connecting every input
neuron to every output neuron, allowing for complex interactions between input features.
The network architecture utilized consists of four layers (input, two middle layers, and
output). The units in the different components are defined as follows: E {2K, 500, 500, S},
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D {S, 500, 500, 2K}, CD {S, 500, 500, 1}, and Dis {1 + 2K, 500, 500, 1} for the encoder, decoder,
change detection network, and discriminator, respectively. The number of hidden units
S in the deep latent layer is initially constrained to

√
K + 1 based on the findings of [41].

Subsequent experiments are conducted to determine the optimal number of representative
bands for improved change detection performance, as depicted in Section 3.3.

All fully connected layers in the SSR module, change detection network, and discrim-
inator employ the LeakyReLU activation function (slope 0.2), while the final layer of the
encoder, decoder, and change detection network uses the tanh activation function. The last
layer of the discriminator utilizes the sigmoid activation function, as depicted in Figure 3.
In deep neural networks, managing parameter changes and training complexity can lead
to internal covariate shift issues. To address this challenge, batch normalization (BN) is
implemented to standardize activations from preceding layers to achieve zero mean and
unit variance. This normalization technique stabilizes the training process. Therefore, BN
is applied before LeakyReLU activation in both the change detection and discriminator
networks to ensure consistent activation with stable distribution and to expedite training
efficiency. The BN is expressed as follows:

BN(x) =
x − E(x)√
var[x] + ϵ

, (12)

where E(x) and var[x] denote the mean and variance of a mini-batch, respectively. To
prevent division by zero, ϵ is set to 10−8. Additionally, x refers to the input of each fully
connected layer within our architecture.

Encoder (E) 

Decoder (D) 

Change Detection (CD)  Discriminator (Dis) 

Generator (G)

Fully Connected Layer LeakyRelu TanhLatent Layer Batch NormalizationSigmoid

Reconstruction Loss  Discriminative Loss Adversarial Loss

   

   

Figure 3. Illustration of the architecture of EFC-AdvNet.

3. Experiments and Results
3.1. Experimental Setup

The proposed EFC-AdvNet was developed using TensorFlow v2.11.0 and imple-
mented on a single NVIDIA RTX 3090 GPU, which is manufactured by Yunxuan Ltd.
from Shanghai, China.We trained all components of the network using a stochastic Adam
optimizer, setting the learning rate to 0.001 for the SSR component and 0.0001 for the dis-
criminator. The training process was concluded after 100 epochs. Given that our approach
is pixel-based, we randomly selected about 10% from the total number of pixels from each
dataset to be used for training and validation. With this number of pixels, we obtain a
substantial number of training samples. For instance, as indicated in Table 1, using 10%
from the River dataset yields approximately 10,000 samples. This is a significant amount of
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data for training purposes, allowing the model to learn effectively despite the relatively
small percentage of pixels used. The batch size used for training is set to 256.

Table 1. Pixel count and distribution for each dataset.

Dataset Total Pixels Changed Pixels Unchanged Pixels Selected Pixels

Farmland 58,800 18,383 40,417 5800

Hermiston 73,987 16,676 57,311 7000

River 111,583 9698 101,885 10,000

3.2. Evaluation

The evaluation of our change detection framework included the utilization of two key
assessment metrics: the overall accuracy (OA) and Kappa coefficient.

OA =
TP + TN

N
× 100(%), (13)

Kappa =
OA − P

1 − P
× 100(%), (14)

with

P =
(TP + FP)(TP + FN)

N2 +
(FN + TN)(FP + TN)

N2 , (15)

where TP, FP, TN, FN, and N correspond to the counts of true positives, false positives,
true negatives, false negatives, and the total number of pixels, respectively. These metrics
collectively provided a comprehensive understanding of the framework’s performance.

In change detection, OA provides a general measure of the algorithm’s ability to
accurately detect changes and non-changes across an entire dataset. The Kappa coefficient
provides a more nuanced understanding of the algorithm’s performance by considering
that the agreement that could happen by chance, offering a complement to the OA metric.
High values of these two metrics mean better results.

3.3. Tuning the Number of Channels in the Latent Feature Space

As depicted in Section 2.2.3, the optimal number of channels S in the latent space for
compressing the hyperspectral data, according to [41], is

√
K + 1, where K is the number

of input channels of an HSI. In practice, to determine this optimal number of channels in
the latent feature space for a low-dimensional representation of bitemporal hyperspectral
data, a series of experiments were conducted. For each dataset, we varied the number
of channels among six channels,

√
K + 1, and 2(

√
K + 1), and our network underwent

training and was subsequently evaluated using validation data. The final choice of the
number of channels is based on the best performance of EFC-AdvNet for each dataset. The
outcomes are detailed in Table 2.

The results presented in Figure 4 indicate that reducing the number of channels to six
results in the lowest values for both the overall accuracy (OA) and Kappa metrics across all
three datasets. This reduction leads to instability in the EFC-AdvNet, as it struggles to learn
effectively from such low-dimensional representations of bi-temporal HSIs. Consequently,
the network’s ability to detect changes between images is compromised, resulting in a
significant increase in false change detections. Based on these findings, the optimal number
of channels was determined to be S = 2(

√
K + 1) for all three datasets. This conclusion is

supported by the higher values of the overall accuracy OA and Kappa metrics compared to
those obtained with S =

√
K + 1, as shown in Figure 4 and further detailed in Table 2.
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Table 2. EFC-AdvNet’s performance with the number of channels (S) of the latent feature space for
the three datasets. The highest metrics values in each dataset are marked in bold.

Dataset Number of Channels (S) OA (%) Kappa (%)

Farmland (K = 155)
S = 6 78.40 56.76

S =
√

K + 1 = 13 93.37 86.74
S = 2(

√
K + 1) = 26 95.91 88.82

Hermiston (K = 154)
S = 6 87.57 75.12

S =
√

K + 1 = 13 94.32 88.92
S = 2(

√
K + 1) = 26 96.51 92.31

River (K = 198)
S = 6 80.10 60.46

S =
√

K + 1 = 15 95.88 91.75
S = 2(

√
K + 1) = 30 96.14 92.57

(a) (b)

Figure 4. Changes in the model’s performance over the selected number of channels (S) for the latent
feature space: (a) overall accuracy (OA) metric and (b) Kappa metric.

3.4. Comparison with State-of-the-Art Change Detection Methods in Hyperspectral Imaging

To comprehensively assess the performance of the proposed change detection network
for HSIs, we conducted both quantitative and qualitative comparisons against several
state-of-the-art (SOTA) change detection methods. These SOTA methods were selected as
benchmarks to measure the efficacy of our method. The specific SOTA methods included
in this evaluation are as follows:

• Change vector analysis (CVA) [42]: CVA leverages spectral feature vectors from
corresponding spatial positions in two images, representing spectral change vectors in
polar coordinates with the magnitude and direction. Carvalho et al. introduced the
spectral angle mapper (SAM) and spectral correlation mapper (SCM) to enhance the
direction calculation in CVA.

• Anomaly change detection (ACD) [13]: ACD employs autoencoders to detect complex
spectral differences in multitemporal HSIs. Siamese autoencoder networks construct
predictors from different directions to model spectral variations, generating loss maps
that highlight anomaly changes while suppressing unchanged pixel differences.

• General end-to-end 2D CNN (GETNET) [39]: GETNET introduces an end-to-end
2D convolutional neural network tailored for hyperspectral change detection tasks.
It overcomes data limitations and the underutilization of deep learning features by
utilizing a mixed-affinity matrix to capture changed patterns and enhance cross-
channel gradient information.

• Self-supervised hyperspectral spatial–spectral feature understanding network (Hy-
perNet) [43]: HyperNet integrates spatial and spectral attention branches to extract
discriminative spatial and spectral information independently, and it merges them to
generate comprehensive features. Trained using a self-supervised learning framework,
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HyperNet achieves pixel-level feature learning through similarity comparisons of
multitemporal HSIs.

• Spectral–spatial–temporal transformers for hyperspectral image change detection
(SST-Former) [11]: The SST-Former encodes each pixel to capture spectral and spatial
sequences, employs a spectral transformer encoder for spectral information extraction,
and utilizes a spatial transformer encoder for texture information.

• Spectral–temporal transformer for hyperspectral image change detection (STT) [10]:
STT processes the HSI CD task from a sequential perspective by concatenating feature
embeddings in spectral order, establishing a global spectrum–time-receptive field.
Through a multi-head self-attention mechanism, the STT effectively captures spectral–
temporal features.

• End-to-end cross-band 2D attention network for hyperspectral change detection
(CBANet) [44]: By integrating a cross-band feature extraction module with a 2D
spatial–spectral self-attention module, CBANet effectively extracts spectral differences
between matching pixels while considering the correlation between adjacent pixels in
remote sensing.

In assessing the impact of our approach, we conducted a comprehensive comparison
with established methods, examining both visual and qualitative aspects. Detailed OA and
Kappa statistics for the three datasets are presented in Table 3. Additionally, Figures 5–7
showcase the visual results for the Farmland, Hermiston, and River datasets, respectively,
providing a clear illustration of the effectiveness of our method.

Table 3. Comparison of the performance of the SOTA methods against our proposed EFC-AdvNet on
the three datasets. The highest metrics values in each dataset are marked in bold.

Methods
Farmland Hemiston River

OA (%) Kappa (%) OA (%) Kappa (%) OA (%) Kappa (%)

CVA 92.43 78.08 92.21 76.67 93.87 77.93

ACD 94.23 78.55 92.72 76.70 94.29 78.67

GETNET 94.63 85.72 94.31 77.25 95.14 76.39

HyperNet 93.98 80.01 92.66 76.93 95.59 80.46

SST-Former 95.05 87.52 95.36 90.73 95.79 91.26

STT 94.84 87.98 97.03 90.36 96.74 84.93

CBANet 95.26 88.10 96.68 91.57 97.12 85.36

EFC-AdvNet 95.91 88.82 96.51 92.31 96.14 92.57

(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 5. Comparative visualization of different methods on the Farmland dataset: (a) CVA, (b) ACD,
(c) GETNET, (d) HyperNet, (e) SST-Former, (f) STT, (g) CBANet, (h) EFC-AdvNet, and (i) ground
truth (GT). The relevant differences are highlighted with red circles.
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6. Comparative visualization of different methods on the Hermiston dataset: (a) CVA, (b) ACD,
(c) GETNET, (d) HyperNet, (e) SST-Former, (f) STT, (g) CBANet, (h) EFC-AdvNet, and (i) ground
truth (GT). The relevant differences are highlighted with red circles.

(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 7. Comparative visualization of different methods on the River dataset: (a) CVA, (b) ACD,
(c) GETNET, (d) HyperNet, (e) SST-Former, (f) STT, (g) CBANet, (h) EFC-AdvNet, and (i) ground
truth (GT). The relevant differences are highlighted with red circles.

The analysis of the results for the Farmland dataset reveals varying performance
among the different methods. The CVA method achieved the lowest OA and Kappa values.
ACD exhibited improvement over CVA, achieving an OA value of 94.23% and a Kappa
value of 78.55%, indicating its enhanced accuracy in change identification, as depicted
in Figure 5. HyperNet also showed improvement, with an OA value of 93.98% and a
Kappa value of 80.01%. Visual interpretation suggests the presence of more false positives
(i.e., pixels that are actually unchanged but detected as changed) in HyperNet’s results
compared with the GETNET method. GETNET had notably improved performance, with
a Kappa value of 85.72%. The change detection transformer methods, SST-Former and
STT, demonstrated superior performance compared to previous approaches, showcasing
competitive results between the two. CBANet, which uses a self-attention module, also
exhibited competitive performance with our method, achieving an OA value of 95.26%.
However, our method outperformed all other models, attaining the highest OA and Kappa
values of 88.82% and 95.91%, respectively. This indicates the effectiveness of employing
adversarial learning in change detection compared to other techniques. In Figure 5, our
method, SST-Former, STT, and CBANet demonstrate reduced false positives compared with
HyperNet and ACD. However, there are instances of misclassification where unchanged
areas are incorrectly identified as changed areas. Based on visual interpretation, our method
outperforms SST-Former, STT, and CBANet methods in accurately delineating changed
areas, clearly establishing the effectiveness of our approach.

For the Hermiston dataset, the STT method achieved the highest overall accuracy
of 97.03%, outperforming all other methods. However, it exhibited a lower Kappa value
compared to SST-Former and CBANet, while our method achieved the highest Kappa value
of 92.31%. It is important to note that while overall accuracy provides a straightforward
measure of model performance, it can be misleading, particularly in cases where class distri-
bution is imbalanced. The Hermiston dataset is considered imbalanced relative to the Farm-
land dataset; as shown in Table 1, the changed class comprises only 22.54% (16,676 changed
pixels) of the total number of pixels, compared to 77.46% (57,311 unchanged pixels) for the
unchanged class. In this context, the STT model may predominantly predict the majority
class, thus achieving high accuracy even if it fails to identify any instances of the minority
class. The visual comparison presented in Figure 6 demonstrates that STT exhibited some
missed detections when compared with our proposed method, EFC-AdvNet, which show-
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cases superior performance. This further emphasizes the advantages of our approach in
accurately detecting changes within imbalanced datasets.

In the case of the River dataset, which is highly imbalanced with only 8.69% of the
changed class, the SST-Former method slightly surpassed both GETNET and HyperNet in
overall accuracy. It also demonstrated a notable improvement in Kappa compared to the
ACD, CVA, STT, and CBANet methods. Our method, on the other hand, outperformed all
SOTA methods, achieving a Kappa value of 92.57%, which is nearly 7.21% higher than that
of CBANet, which recorded the highest OA of 97.12%. In this highly imbalanced dataset,
Kappa is particularly valuable for evaluating model performance because it provides a
more nuanced perspective by accounting for agreement beyond what would be expected
by chance. While overall accuracy offers a general sense of performance, Kappa delivers
deeper insights into how effectively a model performs across different classes, especially
in imbalanced scenarios. The visual results presented in Figure 7 indicate that our model
provided more precise detection, demonstrating the effectiveness of the joint learning
between the SSR module and the adversarial learning module. This joint learning approach
significantly aids in addressing the challenges posed by imbalanced class distributions.

Our proposed method demonstrates several key advantages over other state-of-the-art
hyperspectral change detection techniques. Firstly, it achieves the highest Kappa value
across multiple datasets, indicating a more reliable change detection capability. The use of
the SSR module for dimensionality reduction helps efficiently process the inherently high-
dimensional hyperspectral data, allowing the Adv-CD module to focus on the most relevant
features and enhance performance. Notably, the method exhibits consistent state-of-the-art
or competitive performance across different datasets, such as the Farmland, Hermiston, and
River datasets, showcasing its robustness and adaptability to various types of hyperspectral
imagery. The high Kappa scores further suggest excellent agreement between the predicted
change map and the ground truth, which is crucial for applications requiring precise change
detection. Furthermore, the proposed EFC-AdvNet outperforms traditional methods such
as CVA; deep learning baselines such as ACD, GETNET, and HyperNet; and transformer-
based methods such as SST-Former. This underscores the effectiveness of combining the
Adv-CD and SSR modules for hyperspectral change detection.

3.5. Ablation Study on the SSR Module

In this section, our focus is on training and evaluating the proposed change detection
network in two configurations involving the SSR module to highlight its impact on detect-
ing changes in HSIs. The Adv-CD in these experiments is composed of a change detection
network, which serves as the generator, and a discriminator network, as presented in
Figure 8. In the first configuration without the SSR module, we train the Adv-CD without
incorporating the SSR module. The model processes bitemporal hyperspectral input images
and generates a change map directly from the high-dimensional concatenated vector, as
depicted in Figure 9. Moving to the second configuration with separate training of the
SSR module and the Adv-CD module, as depicted in Figure 10, we initially train the SSR
module independently from the change detection module until it stabilizes. Subsequently,
the predicted latent feature vector is inputted into the change detection network, serving as
the generator component of the Adv-CD, to produce the change map.

Table 4 and Figure 11 present the quantitative and qualitative comparative results for
different training configurations of the proposed network. The evaluation metrics in the
table and the visual comparisons in the figure clearly indicate that training the Adv-CD
without the SSR module results in lower detection performance than that of configurations
where the SSR module is utilized. Integrating the SSR module yields higher OA and Kappa
values than those of the previous setup. However, visual inspection reveals that the second
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configuration produces numerous false positives, where unchanged pixels are misclassified
as changed, leading to low detection precision across all datasets.

Generated
change map

Change Detection
Network (Generator)

Discriminator
Network 

GT

Real/Fake

spectral
vector

Figure 8. Illustration of the architecture of the Adv-CD without the SSR module, where the change
detection network represents the generator part of the Adv-CD.

T0

T1

Concatenate

Adv-CD without SSR

Figure 9. Illustration of the first configuration.

Table 4. Comparison of model performance in different training configurations for the SSR module
across the three datasets. The highest metrics values in each dataset are marked in bold.

Dataset Configuration OA (%) Kappa (%)

Farmland
Without SSR 81.46 62.89

Separate SSR and Adv-CD 90.47 80.95
SSR+Adv-CD (EFC-AdvNet) 95.91 88.82

Hermiston
Without SSR 71.22 42.40

Separate SSR and Adv-CD 86.08 72.17
SSR+Adv-CD (EFC-AdvNet) 96.51 92.31

River
Without SSR 51.16 37.98

Separate SSR and Adv-CD 88.62 77.25
SSR+Adv-CD (EFC-AdvNet) 96.14 92.57
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T0

T1

Concatenate

Encoder
Network 

Latent Features

Decoder
Network 

Reconstructed Vector

SSR 

Adv-CD without SSR

Figure 10. Illustration of the second configuration: Separate training of the SSR module and the
Adv-CD module, where the Adv-CD module utilizes the latent feature vector as input after training
and stabilization of the SSR module.

(a)

(b)

(c)

Figure 11. Visual comparison of the impact of the SSR module on the three datasets: (a) Farmland,
(b) Hermiston, and (c) River. The first, second, and third columns show the bitemporal images and
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their GT change maps, respectively. The fourth, fifth, and sixth columns present the resulting change
maps from the Adv-CD trained without the SSR module, the separate training of the SSR module
and the Adv-CD, and the proposed combined training of SSR and Adv-CD, respectively. Relevant
change detection differences are highlighted in red rectangles.

Simultaneous training of the SSR module with the change detection module as in
our EFC-AdvNet enhances the performance of change detection compared with previous
configurations. The high Kappa value means that the proposed configuration is very
accurate in its predictions, with a low rate of false positives. Moreover, the high OA value
indicates that the EFC-AdvNet configuration is able to identify most of the relevant changes
within the three datasets, as shown in Figure 11. This approach results in the highest change
detection accuracy among all configurations.

To further elucidate the impact of combined training of the SSR and Adv-CD module
on spectral vector reconstruction, we randomly select spectra at times T0 and T1 from
the reconstructed HSIs of the SSR module when trained separately and jointly with the
Adv-CD. As depicted in Figure 12, the dashed green curve representing combined training
more closely aligns with the original input spectral vector than the blue dashed curve.
These experimental results demonstrate that, in contrast to separate training, combined
training enhances the encoder’s ability to characterize high-dimensional spectral images
in the deep latent space, preserving more spectral information in hidden features. The
integration of the SSR module and adversarial learning during change detection proves
more advantageous for subsequent change detection within the network while reducing
the dimensionality of input HS images. This synergy not only improves change detection
accuracy but also positively impacts spectral vector reconstruction.
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Figure 12. Comparison of reconstructed hyperspectral spectra at time periods T0 and T1 for the
separate training of the SSR module and the combined training of SSR with Adv-CD on the Farmland
dataset: (a) T0; (b) T1.

3.6. Comparative Analysis of Various Spectral Representation Methods

In the preceding section, we established the necessity of the SSR module for accurate
spectral feature extraction in change detection. This section focuses on integrating various
spectral representations of bitemporal images into the change detection process. Our
objective is to explore two preprocessing techniques for bitemporal HSIs before inputting
them into the Adv-CD module for change detection.

The first preprocessing technique, as shown in Figure 13, involves using PCA for
dimensionality reduction. PCA is applied to each hyperspectral image to obtain a low-
dimensional image with 2(

√
K + 1) channels. These resulting images are then utilized in the

Adv-CD module illustrated in Figure 8. The second preprocessing technique, as illustrated
in Figure 14, entails calculating the absolute difference between the bitemporal HSIs, and
the resulting intensity image is subsequently fed into the Adv-CD presented in Figure 8.
Ultimately, we compare these preprocessing methods with the proposed EFC-AdvNet for
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dimensionality reduction and change detection, aiming to evaluate their effectiveness in
enhancing the change detection process.

Table 5 displays the performance of different training configurations (PCA+Adv-CD,
Intensity+Adv-CD, SSR+Adv-CD) applied to the three datasets; this was assessed with two
metrics: OA and Kappa. Among these configurations, PCA+Adv-CD exhibits the lowest
performance across all datasets. Intensity+Adv-CD demonstrates a notable improvement
compared with the previous configuration for all datasets. On the other hand, SSR+Adv-CD
(EFC-AdvNet) showcases the best performance, with superior values across all metrics.
Observing Figure 15, a slight visual similarity is evident in the resulting change maps
from the Intensity+Adv-CD and SSR+Adv-CD configurations. However, SSR+Adv-CD,
the proposed EFC-AdvNet, displays greater robustness against false detections than that of
Intensity+Adv-CD, as reflected in the highest OA and Kappa values in Table 5.

T0

T1

Concatenate

PCA

PCA

Adv-CD without SSR

Figure 13. Illustration of the use of the preprocessing PCA technique for dimensionality reduction.

T0

T1

Intensity map

Intensity
vector

Adv-CD without SSR

Figure 14. Illustration of the use of the preprocessing image differencing technique.
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(a)

(b)

v

(c)

Figure 15. Visual comparison of the performance of the SSR module on the three datasets: (a) Farm-
land, (b) Hermiston, and (c) River. The first, second, and third columns show the bitemporal images
and their GT change maps, respectively. The fourth, fifth, and sixth columns present the resulting
change maps when using PCA with Adv-CD, an intensity map with Adv-CD, and the SSR with
Adv-CD, respectively. Relevant change detection differences are highlighted in red rectangles.

Table 5. Quantitative comparison of using PCA, image differencing, and the SSR module. The highest
metrics values in each dataset are marked in bold.

Dataset Configuration OA (%) Kappa (%)

Farmland
PCA+Adv-CD 72.45 44.81

Intensity+Adv-CD 92.52 85.03
SSR+Adv-CD (EFC-AdvNet) 95.91 88.82

Hermiston
PCA+Adv-CD 82.43 64.86

Intensity+Adv-CD 95.14 90.27
SSR+Adv-CD (EFC-AdvNet) 96.51 92.31

River
PCA+Adv-CD 77.15 54.59

Intensity+Adv-CD 95.25 90.50
SSR+Adv-CD (EFC-AdvNet) 96.14 92.57
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4. Discussion
According to the results presented here, the exceptional performance of EFC-AdvNet

across all three datasets, with the highest OA and Kappa values in comparison with other
SOTA methods, highlights its ability to accurately and reliably detect changes in HSIs by
effectively capturing subtle spectral changes and aligning with ground truth data. This
high performance is due to the combination of the SSR module with the Adv-CD module.
The use of the SSR module for dimensionality reduction and the dependent learning of the
encoder part of this module on the training of the Adv-CD module for change detection
contribute significantly to the performance of our change detection framework through
several key mechanisms:

• Feature selection and noise reduction: The encoder part of the SSR module effectively
learns compressed representations of the data by encoding the most relevant features
while discarding noise and redundant information. This process of dimensionality
reduction helps isolate the essential features that are critical for detecting changes in
HSIs, thereby improving the ability of the Adv-CD module to focus on significant
differences between images.

• Improved generalization: The compressed representation learned by the SSR module
can help the change detection model based on adversarial learning generalize better
to unseen data by focusing on the underlying patterns and features that are most
relevant for change detection. This can enhance EFC-AdvNet’s robustness and its
ability to accurately detect changes across different environments and conditions.

• Enhanced learning capability: The resulting latent feature space from the encoder facil-
itates the learning process of the Adv-CD module by providing a more structured and
simplified input space. This led to better convergence during training and improved
performance in detecting subtle changes that might be missed in the high-dimensional
raw data.

• Complexity: The total number of parameters in our model is approximately 4.45 MB
for the River dataset, which has the highest number of channels among the datasets
used. This relatively low parameter count indicates that our model is not overly com-
plex. This simplicity enables efficient execution even on systems without dedicated
GPU support. Moreover, our method employs a pixel-based approach, where the input
is represented as a 1D vector. This design choice further simplifies the computations re-
quired, making them less resource-intensive than object-based methods. Object-based
approaches often necessitate more complex processing due to their reliance on spatial
relationships and larger input sizes, which can increase computational demands. Con-
sequently, our model offers an efficient solution for hyperspectral change detection,
making it accessible for a wider range of applications and hardware configurations.

Furthermore, dimensionality reduction using the SSR module offers several key advan-
tages over traditional methods such as PCA and image differencing for generating intensity
maps in change detection for HSIs. The SSR module’s autoencoder architecture can capture
nonlinear relationships in the data, allowing it to learn more complex patterns and features
than the linear PCA technique. Unlike PCA, which projects data onto axes that maximize
variance without considering the task-specific relevance, the SSR module learns to encode
data into a lower-dimensional space in a way that is optimized for reconstruction, which
can be more useful for change detection tasks. Moreover, the SSR module is designed to be
robust to noise in the data, effectively filtering out noise and focusing on the underlying
signal, which is crucial for accurately detecting changes. When compared with image
differencing, which simply subtracts one image from another to highlight changes, the
SSR module can provide a more nuanced understanding of changes. The union of its
encoder part with the change detection network can identify patterns of change that are
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not immediately apparent from raw intensity differences, leading to more accurate and
meaningful change detection results.

In summary, the integration of the SSR module with the Adv-CD module based on
adversarial learning is a key factor in the success of our approach. The SSR module’s
ability to extract relevant spectral features and effectively reduce the dimensionality of the
input data plays a crucial role in aiding the Adv-CD module to accurately identify changes
between bitemporal HSIs. This configuration, where the encoder part of the SSR module
is trained concurrently with the Adv-CD module, allows for optimal feature extraction
and facilitates accurate change detection and spectral vector reconstruction. Furthermore,
the combination of the SSR module with the Adv-CD module to obtain the proposed
EFC-AdvNet offers advantages in terms of nonlinearity, feature learning, flexibility, and
robustness to noise, making it a powerful network for extracting meaningful information
from HSIs and improving the accuracy of detecting changes.

5. Conclusions
This study proposes a novel end-to-end fully connected adversarial network (EFC-

AdvNet) for binary change detection in hyperspectral images. The EFC-AdvNet network
comprises two interconnected deep learning modules: a self-spectral reconstruction (SSR)
module and an adversarial change detection (Adv-CD) module. The SSR module employs
an autoencoder network to extract relevant spectral features from the bitemporal hyperspec-
tral imagery while simultaneously reducing their dimensionality. Crucially, the encoder
part of the SSR module serves as the key subnetwork of the generator component within
the Adv-CD module. It connects the two modules together, which enables the Adv-CD
module to detect changes directly from the resulting low-dimensional spectral feature
representation of the bitemporal HSI. This proposed EFC-AdvNet has several advantages,
including the ability to capture nonlinear relationships, effective feature learning, enhanced
flexibility, and improved robustness to noise. These characteristics make the proposed
network a powerful tool for extracting meaningful information from hyperspectral images
and improving the accuracy of binary change detection.

The experimental results demonstrate that the proposed method exhibits competitive
performance compared with state-of-the-art (SOTA) techniques across three public hyper-
spectral datasets. However, a significant challenge remains in the reliance on supervised
learning, which necessitates a substantial amount of labeled data. This requirement is
particularly difficult to fulfill in hyperspectral imaging scenarios, where acquiring labeled
datasets can be both time-consuming and resource-intensive. To address this limitation, fu-
ture research will focus on enhancing the network architecture by exploring self-supervised
training approaches. These methods have the potential to leverage the abundant unlabeled
data available in hyperspectral images, thereby mitigating the challenges posed by limited
labeled datasets in hyperspectral change detection. Additionally, incorporating active
learning strategies could further optimize the labeling process by selectively querying the
most informative samples. Moreover, spectral–spatial integration should be considered in
future works to further enhance the model’s performance in detecting changes.
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Abbreviations
The following abbreviations are used in this manuscript:

ACD Anomaly Change Detection
Adv-CD Adversarial Change Detection
c-GAN Conditional Generative Adversarial Network
CBANet Cross-Band 2D Attention Network
CD Change Detection
CM Change Map
CNN Convolutional Neural Network
CVA Change Vector Analysis
DI Difference Image
DL Deep Learning
EFC-AdvNet End-to-End Fully Connected Adversarial Network
GAN Generative Adversarial Network
GETNET General End-to-End 2D CNN
HSI Hyperspectral Image
HyperNet Self-Supervised Hyperspectral Spatial-Spectral Feature Understanding Network
SSR Self-Spectral Reconstruction
SST-Former Spectral–Spatial–Temporal Transformers
STT Spectral–Temporal Transformer
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