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TCCU-Net: Transformer and CNN Collaborative
Unmixing Network for Hyperspectral Image

Jianfeng Chen , Chen Yang , Lan Zhang , Linzi Yang , Lifeng Bian , Zijiang Luo , and Jihong Wang

Abstract—In recent years, deep-learning-based hyperspectral
unmixing techniques have garnered increasing attention and made
significant advancements. However, relying solely on the use of
convolutional neural network (CNN) or transformer approaches is
insufficient for effectively capturing both global and fine-grained
information, thereby compromising the accuracy of unmixing
tasks. In order to fully harness the information contained within
hyperspectral images, this article explores a dual-stream collab-
orative network, referred to as TCCU-Net. It end-to-end learns
information in four dimensions: spectral, spatial, global, and lo-
cal, to achieve more effective unmixing. The network comprises
two core encoders: one is a transformer encoder, which includes
squeeze-launch modules, DSSCR–vision transformer modules, and
stripe pooling modules, while the other one is a CNN encoder,
which is composed of two-dimensional (2-D) pyramid convolutions
and 3-D pyramid convolutions. By fusing the outputs of these two
encoders, the semantic gap between the encoder and decoder is
bridged, resulting in improved feature mapping and unmixing
outcomes. This article extensively evaluates TCCU-Net and seven
hyperspectral unmixing methods on four datasets (Samson, Apex,
Jasper Ridge, and Synthetic dataset). The experimental results
firmly demonstrate that the proposed approach surpasses others
in terms of accuracy, holding the potential to effectively address
hyperspectral unmixing tasks.

Index Terms—CNN, global and local information, hyperspectral
image unmixing (HSU), spectral and spatial information,
transformer.

I. INTRODUCTION

HYPERSPECTRAL imaging (HSI) is a highly regarded
remote sensing technology. HSIs [1] combine spectral in-

formation reflecting material radiation with spatial information
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of the terrain. Due to the rich spectral and spatial information
within HSIs, they find extensive applications in fields, such as
food safety [2], environmental monitoring [3], mineral explo-
ration [4], and so on. However, due to the spatial resolution
limitations of HSI instruments [5], pixels in HSIs often consist
of mixed spectra [6], [7], representing a combination of various
materials, known as mixed pixels. In practical applications,
the abundance of mixed pixels can significantly impact the
accuracy of pixel-based material classification and area mea-
surement methods, making the development and application of
HSI more challenging. To tackle this issue, there are typically
two approaches to contemplate: The first involves enhancing the
spatial resolution of the spectrometer, which inevitably leads
to increased human and financial costs. The second approach,
hyperspectral unmixing [8], is often chosen to reduce costs. The
primary objective of spectral unmixing is to extract/estimate
endmembers and their abundance fractions in each pixel solely
based on the observed HSI [9].

Among the numerous methods for hyperspectral unmixing,
the linear spectral mixture model (LSMM) [10] stands out for its
simplicity, efficiency, and its ability to provide a good description
of real spectral mixing processes. Expanding upon the LSMM
framework, researchers have introduced several effective unmix-
ing algorithms, including some of the most representative ones,
such as geometric, statistical, or sparse methods. In the realm
of geometric methods, vertex component analysis (VCA) [11]
and fully constrained least squares unmixing (FCLSU) [12] are
the most commonly employed techniques. In the field of sparse
unmixing methods, on the one hand, collaborative methods,
such as the least absolute shrinkage and selection operator [13]
consider the spectral variability of endmembers by utilizing a
dictionary generated from the data itself in a specific set of sparse
unmixing methods. On the other hand, sparse unmixing tech-
niques, like splitting and augmented Lagrangian-based sparse
unmixing [14], represent another prominent example due to its
exceptional performance, garnering significant attention. The
statistical-based approaches also serve as effective alternatives
for handling highly mixed HSIs, drawing substantial interest.
For instance, the Bayesian framework formulates unmixing as an
inference problem, leveraging statistical assumptions and priors
to constrain unmixing results [15], [16], [17]. Due to the unique
advantages in learning component-based representations, non-
negative matrix factorization (NMF) [18] and L1/2-NMF [19]
are two of the most frequently employed algorithms within the
statistical methods category for the simultaneous estimation of
both endmembers and abundance. Yao et al. [20] leveraged the
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insightful properties of natural HSI, specifically the nonlocal
smoothness, to propose novel blind hyperspectral unmixing
models, NLTV/NLHTV, and logarithm and regularization-based
nonnegative matrix factorization (NLTV–LSRNMF/NLHTV–
LSRNMF), achieving widespread applications.

In recent years, with the rise of deep learning, various con-
volutional neural network (CNN)-based methods in the field of
hyperspectral unmixing have experienced rapid development.
Among these, the EGU-Net proposed by Hong et al. [21] for
endmember-guided unmixing has introduced the concept of us-
ing endmembers to guide the unmixing network. It represents the
first instance of utilizing such techniques in unmixing research,
offering new insights for the future development of unmixing
studies. Qi et al. [22] introduced the SSCU-Net, which employs
spectral–spatial cooperative networks for unmixing tasks. This
network is the first to incorporate spectral–spatial cooperation
into the unmixing process via dual-branch tasks. Han et al. [23]
presented the MU-Net, designed for hyperspectral unmixing
with multimodal inputs. This network employs two image inputs
to guide the unmixing network, addressing research gaps in un-
mixing tasks involving different inputs. Rasti et al. [24] proposed
the minimum simplex convolutional network (MiSiC-Net),
which combines spatial correlations between neighboring pixels
and the geometric properties of linear simplex. The recurrent
consistency unmixing network [25], introduced by the Dongfeng
Hong team, utilizes two convolutional autoencoders that are
cascaded and cyclically executed. The proposed loss function
includes two terms for spectral reconstruction and one for
abundance reconstruction, effectively incorporating high-level
semantic information. Yao et al. [26] introduced a novel blind
HU model called sparse-enhanced convolutional decomposition
(SeCoDe-Net). This model jointly captures the spatial–spectral
information of HSI in a tensor-based manner. In SeCoDe-Net,
the use of convolutional operations models the spatial relation-
ships between target pixels and their neighboring pixels, provid-
ing a robust explanation for the effectiveness of spectral bundles
in addressing spectral variability. Simultaneously, it maintains
physically continuous spectral components by decomposing
invariance and spectral domains. Built upon sparse-enhanced
regularization, the network also incorporates an alternative op-
timization strategy based on the alternating direction method
of multipliers to achieve efficient model inference. It can be
observed that due to the outstanding generalization capability
and accuracy of CNNs, they have made significant strides in
unmixing tasks. Other fields besides unmixing, such as, the GNet
proposed by Chen et al. [27] has achieved significant success in
classification tasks. In addition to representing spectral–spatial
features in three classical paradigms (simultaneous, hierarchical,
and individual), GNet can learn them in two new processes: mul-
tistage and multipath. This approach allows for a comprehensive
and balanced exploration of spectral and spatial features. On
the other hand, Chen et al. [28]’s work on HSI classification
using spectral-induced superpixel segmentation based on local
aggregation and global attention network introduces a novel su-
perpixel generation strategy termed spectral-induced alignment
superpixel segmentation. This strategy simultaneously lever-
ages segmentation results from HSI with both raw and deeply

abstracted spectral features. Chen et al. [29] proposed a temporal
difference guided network for HSI change detection. Specifi-
cally, the network hierarchically extracts rich spectral features
from dual temporal images, generating differences between the
two images at various levels using convolutional gated recursive
units designed in the spatial dimension. These networks, as the
latest research outcomes in deep learning, significantly propel
the development of various tasks related to HSI across different
domains.

In recent years, development of the transformer [30], [31]
has achieved great success in NLP, while the vision transformer
(VIT) [32] extends this architecture to the field of computer
vision. It has showcased its distinctive capability separate from
convolutional operations and has achieved exceptional results in
image classification tasks. Such as the recent CASST [33], which
explores the use of cross-attention mechanisms for hyperspectral
classification tasks. And for example, the ExViT model proposed
by the Yao et al. [34] utilizes parallel branches of position-
shared VIT extended with separable convolution modules to
handle patches in multimodal remote sensing images. This
presents an economical solution for leveraging both spatial and
modality-specific channel information. The entire VIT model
structure consists of several modules: the embedding layer, layer
normalization, multihead attention, dropout, MLP block, and
MLP head. The primary reason for the widespread adoption
of VIT in the computer vision domain is its utilization of the
multihead attention mechanism, which facilitates long-range
feature association calculations and establishes global feature
dependencies. The expression for the multihead attention is
as follows:

Multihead (Q,K, V )

= Concat (Head1,Head2, . . . ,Headh) ·WO. (1)

In this equation, Q, K, and V, respectively, denote queries,
keys, and values, while Headi represents the computation result
of the ith attention head. The variable “h” signifies the number of
attention heads, and “Concatenate” denotes the process of com-
bining their outputs.WO signifies the final output weight matrix.

Recently, Ghosh et al. [35] introduced the Deep-Trans net-
work, marking the first attempt to apply the transformer archi-
tecture to hyperspectral unmixing tasks, achieving remarkable
research outcomes. This convincingly demonstrates the viability
of transformers in image unmixing tasks. UnDAT [36], led by
the team under the leadership of Zhenwei Shi, aims to achieve
unmixing tasks by simultaneously harnessing spatial uniformity
and spectral correlations within HSIs. The most recent trans-
former network employed for hyperspectral unmixing is the
innovative deep neural U-Net-based model known as UST-Net
[37], introduced by Zhiru Yang and colleagues. This network
prioritizes discriminative information within the spatial scene
and operates on the entire image, eliminating inconsistencies.
SpectralGPT [38] is specifically designed for processing hyper-
spectral remote sensing images using a novel three-dimensional
(3-D) generative pretrained transformer. The research presented
in this article has also provided us with new avenues for explo-
ration.
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In recent years, CNNs have been widely adopted by experts
and scholars in the field of hyperspectral unmixing, making
significant contributions to the advancement of unmixing tasks.
However, due to the complexity of HSIs, the application of
CNNs presents considerable challenges. This is primarily be-
cause convolution operations are limited to capturing local
features determined by kernel sizes, resulting in the loss of
a substantial amount of contextual information present in the
original HSI. On the one hand, transformers, renowned for their
outstanding performance in NLP tasks, have found wide-ranging
applications in various domains. Researchers have also har-
nessed transformers in decomposition tasks, as evidenced by
recent developments like the Trans-Net network. Trans-Net ef-
fectively applies the transformer to hyperspectral data unmixing,
yielding significant results. On the other hand, this article aims
to achieve satisfactory performance in the unmixing task by ref-
erencing several transformer-based methods. For instance, the
CUCaNet proposed by Yao et al. [39] introduces a transformer–
DSSCR–VIT with a cross-attention mechanism, anticipating
satisfactory performance in unmixing tasks. In addition, the
spectral–spatial morphological attention transformer proposed
by Roy et al. [40] has been a great source of inspiration. It
implements a learnable spectral and spatial morphological net-
work, utilizing spectral and spatial morphological convolution
operations (combined with attention mechanisms) to enhance
the interaction between structural and shape information of HSI
tokens and CLS tokens. However, standalone transformers may
focus solely on contextual information, potentially overlooking
finer details, and relying solely on neural networks may struggle
to capture global information comprehensively. In addressing
this issue, we consulted various literature and noted that Danfeng
Hong’s team proposed a new method called “Global to Local:
A Hierarchical Detection Algorithm for Hyperspectral Image
Object Detection” [41]. This article introduces a global-to-local
hierarchical target detection algorithm for HSI, providing us
with a fresh perspective for our upcoming work.

Building on the insights provided by the abovementioned lit-
erature, we have designed a novel dual-stream unmixing network
that combines transformer and CNN architectures to address the
limitations associated with both. On the one hand, this approach
employs separate transformer and CNN autoencoders to attend
to spectral–spatial information and global–local information,
respectively. On the other hand, by merging the outputs of the
dual-stream network, it leads to improved quality abundance
mapping and overall unmixing results, aiding the decoder in
better reconstructing the HSI. The proposed method contributes
to this purpose in the following ways.

1) In this article, we introduce a new transformer network,
DSSCR_VIT, for the encoder part, which consists of
three main components. First, it combines the dual-stream
spectral–spatial cross fusion (DSSCF) module with three
fusion stages for comprehensive learning of spectral spa-
tial information. Second, channel squeeze–stretch mod-
ules are applied at both the input and output ends to
facilitate the learning of detailed spectral information,
deepening the network to achieve better unmixing ef-
fects for the transformer, alleviating interference from

excessive irrelevant details. Finally, each layer of DSSCR–
VIT incorporates a stripe pooling module, enabling the
model to effectively capture spatial information. On the
one hand, this logically structured setup provides a more
stable configuration for the transformer encoder module
for unmixing tasks; on the other hand, it addresses the
inherent limitations of the transformer in focusing on
image details.

2) Unlike traditional neural networks with limited attention
to global information and small receptive fields, we pro-
pose a new pyramid convolution network that includes
receptive fields of different scales, avoiding the prob-
lem of traditional convolution being limited by receptive
fields and affecting network performance. Adopting a
dual-stream structure, one branch utilizes 3-D pyramid
convolution to fully explore the optical frequency spec-
trum neighborhood information, while the other branch
uses 2-D pyramid convolution to learn spatial information.
Therefore, compared to traditional CNNs, our network
achieves comprehensive learning in both spectral and
spatial domains, improving its unmixing performance.

3) Based on the contributions mentioned above, the dual-
stream network designed in this article exhibits compet-
itive unmixing performance on four datasets. Compared
to three traditional unmixing networks and four recently
proposed deep-learning-based unmixing networks, our
approach achieves promising unmixing results.

II. PROPOSED METHOD

This article proposes a dual-branch codec network for hy-
perspectral unmixing based on a combination of CNN and
transformer. The encoder section of the proposed network is
divided into two branches: a transformer encoder branch and
a CNN encoder branch, as shown in Fig. 1. The transformer
encoder branch employs a channel extrusion structure, allowing
subsequent transformers to focus on more relevant information
while capitalizing on the transformer’s ability to handle long-
term tasks with deep networks. In addition, three interlaced
cross-VITs are added to the transformer encoder, which are
then pooled by two sets of stripes. The cross-VITs utilize the
cross-attention mechanism to learn the input pictures of different
patches separately. The stripe pooling deploys a long strip of
pooled core shape along a spatial dimension, capturing long-
distance relationships in isolated regions, thereby helping the
cross-VIT learn more about image information. On the other
hand, the CNN-based encoder adopts a dual-branch structure
with two branches: the 2-D pyramid CNN branch and the 3-D
pyramid CNN branch. The 2-D pyramid branch consists of
four convolutional layers, each containing different levels of
cores with varying sizes and depths to capture varying levels
of detail. The 3-D pyramid CNN branch uses three-layer 3-D
convolution to learn spectral neighborhood information. Finally,
the output of CNN-encoder and transformer-encoder branches
are fused and fed into a decoder comprising four convolutional
layers for processing. The endmembers are then reconstructed
using the output abundance values. In Sections II-B–II-D, we
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Fig. 1. Proposed network framework.

would provide a detailed discussion of the model components.
For Section II-B, we will present the transformer encoder from
three perspectives: the extrusion module, the DSSCR module,
and the stripe pooling module. In addition, in Section II-C,
we will discuss the CNN encoder from two aspects: the 3-D-
CNN module and the pyramid convolution module. Finally, in
Section II-D, we will primarily focus on the decoder part of this
article.

A. Related Issues

1) Formulas and Related Symbolic Representations: The
symbols involved in this article are represented by the following:
Setting up HSIs are indicated by I ∈ R

B×H×W , where the
spatial dimension is represented by H ×W , and the spectral
channels are denoted by B. An HSI can be reshaped to pro-
duce a matrix Y = [y1, y2, y3 . . . yn] ∈ R

B×n, n = H ·W is
registered by the number of hyperspectral pixels, and yi rep-
resents the ith observed spectrum. The endmember matrix will
be displayed as E = [e1, e2, e3 . . . eR] ∈ R

B×R, ei is the ith
endmember vector, and the number of endmembers present in
HSI are represented by R. The corresponding abundance cube is
represented by M ∈ R

R×H×W . The abundance cube can be re-
shaped to produce a matrix of A = [a1, a2, a3 . . . an] ∈ R

R×n,
and ai represents the fractional abundance corresponding to the
ith observed pixel.

The linear mixing model (LMM) model has been widely used
for unmixing, and the reflectance observed in LMM is

Y = EA+N . (2)

The N ∈ R
B×n is the additive noise present in Y. In addition,

three physical constraints should usually be met in the task of
unmixing: First, the endmember matrix should be non-negative
E ≥ 0. Second, it is necessary to satisfy the non-negative
constraint of abundance ANC(A ≥ 0). Finally, abundance and
one constraint ASC(1TRA = 1Tn ), the formula 1n is indicated
N-dimensional column vector of 1.

2) Encoder: In the field of hyperspectral unmixing, autoen-
coder models have emerged as a representative deep-learning
technique due to their strong representation and reconstruc-
tion capabilities, which allow them to extract information from
given inputs. In this article, autoencoder is composed of two
parts: a CNN-encoder and a transformer-encoder. The encoder
takes input pixels yi ∈ R

n and transforms them into a hidden
low-dimensional representation vi ∈ R

R using the following
formula:

vi = FD (yi) = F
(
W (d)Tyi + b(d)

)
. (3)

Here, F (.) is a nonlinear activation function, such as sigmoid
or ReLU, while W (d) and b(d) represent the weight and bias in
the dth encoder part, respectively.

3) Decoder: The main task of the decoder is to convert the
extracted hidden features into their corresponding original input
pixels using LMMs. The reconstructed pixels, denoted by ŷi ∈
R

n, are computed as

ŷi = fE (vi) = W (e)T vi. (4)

Here, W (e) is the weight matrix of the decoder part. The
extracted endmembers matrix êi and the estimated abundance
vector âi correspond to W (e)and vi, respectively.

4) Loss Function: The objective function of the autoencoder
unmixing network is to measure reconstruction error (RE) in
which yi and ŷi are used by different measurement forms. In
this article, two loss functions are used that consist of mean
square error (MSE) and spectral angular distance (SAD)

LRE (yi, ŷi) =
1

H · W
H∑
i=1

W∑
j=1

(ŷi − yi)
2 (5)

LSAD (yi, ŷi) =
1

R

R∑
i=1

cos−1

(
ŷT
i yi

||ŷi||2‖yi||2

)
. (6)

The MSE objective function is used to calculate the RE
loss, which enables the encoder to learn only the fundamental
features of the input HSI while discarding irrelevant details.
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Fig. 2. Squeeze-recovery block.

However, MSE is sensitive to differences in absolute magnitude,
which can lead to problems in distinguishing endmembers in
HSI unmixing. To address this, the SAD loss, which is a
scale-invariant objective function, is added to the model. The
SAD loss helps to mitigate the shortcomings of the MSE
objective function and accelerate model convergence. The total
loss is obtained by adding the RE loss and the SAD loss

L = ∂LRE + εLSAD. (7)

The regularization parameter is ∂ and ε.

B. Transformer Encoder

This article proposes a novel spectral squeezed transformer
structure design for the encoding component of the unmixing
task, which aims to capitalize on the exceptional capabilities of
transformers in processing long-range dependencies to improve
learning in unmixing tasks. Then, we will introduce its structure
from three components.

1) Squeeze-Recovery Block: The structure of the block is
demonstrated in Fig. 2, which has two main functions: the first
is to compress the spectral channel so that the next layer trans-
former module (DSSCR–VIT) can better focus on the global
information of the input HSI. The second is to restore the spectral
channel, which elevates the original HSI from B channel to P
channel (I ∈ R

B×H×W− > I ∈ R
P×H×W ) for adjusting the

output tensor dimension the same as the CNN encoder branch.
To achieve the above functions, the proposed structure consists
of two parts: a spectral channel compression and restoration
module.

The spectral channel compression module consists of three
layers of 2-D convolution, which it gradually compresses the
features of the input image I ∈ RB×H×W to I ′ ∈ R

H×W×L,
where L can be represented as L = (dim∗R)

patch2 . In this expression,
dim represents the dimension of the spectral band mapping, R
represents the number of endmembers, and p is the patch size.
As shown in Fig. 2, it can be seen that after the compression
module, the spectral channel is compressed while the spatial
scale remains unchanged. The above process can be represented

by the following formula:

I1 = Conv1 (W 1I + V 1) , in which I1 ∈ R
B/2×H×W

(8)

I2 = Conv2 (W 2I1 + V 2) , in which I2 ∈ R
B/4×H×W

(9)

I3 = Conv3 (W 3I2 + V 3) , in which I3 ∈ R
L×H×W

(10)

I ′ = IT
3 , in which I ′ ∈ R

H×W×L. (11)

Among them, Conv1(·), Conv2(·), and Conv3(·) represent
a three-layer convolutional layer, W1,W2,W3 and V1, V2, V3

represent the weight and bias of each layer, and the superscript
T represents the transpose operation of the matrix.

The spectral channel recovery module is also composed of
three layers of 2-D convolutional layers, which perform the
opposite operation of the compression module except the output
channel is P. The P is an hyperparameter, which used to adjust
and optimize network performance.

2) DSSCR–VIT Block: In order to effectively analyze 3-D
HSI data structures with spatial spectral joint information, a
new dual channel transformer structure with cross-attention
mechanism is designed that is called DSSCR–VIT. DSSCR–VIT
consists of two modules: a spectral spatial dual branch module
for extracting relevant dimensional features and preparing trans-
former token sequences, and a DSSCF module for spectral and
spatial feature interaction. The structure is shown in Fig. 3, and
the two modules in detail will be introduced below.

a) Spectral–spatial dual branch module: This module to-
kenizes the spatial and spectral feature sequences for input into
the SSDCA module. The schematic diagram of its structure is
shown in Fig. 4. Next, we will describe the specific details of
the two branches.

For spectral sequence branches, first of all, a sample pixel
Is ∈ R

1×1×L is extracted from the input HSI (I ′ ∈ R
H×W×L)

and expands into a sample cube I ′s ∈ R
k×k×L in its neighbor-

hood, where k represents the spatial size of the sample cube.
Then, shallow features of the input HSI are extracted through
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Fig. 3. DSSCR–VIT structure.

Fig. 4. Process of spectral–spatial tokenization.

two convolutional layers with kernels of 1 × 1, the input sam-
ple cube is gradually transformed into a spectral vector group
s′ = {s′1, s′2, . . . , s′n} ∈ R

k×k×L′
, where L′ represents the size

of the spectral channel after convolutional transformation and
n represents the number of spectral bands. Finally, spectral
sequence characteristics s′′ = {s′′1, s′′2, . . . , s′′n} ∈ R

1×D are fur-
ther generated through a pooling layer and a fully connected
layer, where D represents the dimension of each spectral se-
quence feature after tokenization.

For the spatial sequence branch, similarly, the cube
I ′s ∈ R

k×k×L is first transformed into a space vector group
i = {i1, i2, . . . , im} ∈ R

k′×k′×L through a convolutional layer
with a kernel of 3 × 3, where k′ represents the size of the space
after convolutional transformation and m represents the number
of small space blocks. Then, each small block is flattened to gen-
erate spatial sequence features i′ = {i′1, i′2, . . . , i′m} ∈ R

1×d ,
where d represents the dimensionality of each spatial sequence
feature after tokenization.

b) Dual branch spectral–spatial cross fusion module:
This article designs a DSSCF module to ensure the adequacy
of spectral and spatial feature fusion, as shown in Fig. 5. By
constructing a transformer-based cross-attention mechanism,
this module performs a three-stage fusion of features from dual
channel inputs that is interacting in the early, middle, and late
stages.

The early fusion: For spectral space double branch, after
embedding the tokenized spatial branch feature sequence xspa

and spectral branch feature sequence xspe, the class tokens and
feature embeddings of each branch are obtained. The class
tokens between the two branches are exchanged to concatenate
them with the feature embeddings of the other branch and sent to
the multihead self-attention module that could achieve the first
fusion between spatial and spectral features.

The intermediate fusion: Taking the spatial branch as an
example, the output xspa′ of multihead self-attention is added
to the output xspe′ of spectral branch multihead self-attention, as
well as the spatial feature sequence xspa to complete the second
fusion that further interacts with spectral–spatial information.

The late fusion: The output xspe ′′
and xspa′′ after the second fu-

sion are, respectively, spliced through the MLP layer to complete
the third fusion, and thus the spectral and spatial information
have been fully learned.

Reshaping block: The output of the third fusion IE ∈ R
E×dim

is reshaped as a 3-D I ′E ∈ R
E×H×W , and the I ′E spectral channel
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Fig. 5. Process of DSSCF module.

Fig. 6. Process of stripe pooling.

is restored to L (which can be represented as I ′ ∈ R
L×H×W ) to

match the input of the next stage after the upsampling operation.
The above process can be represented by the following formula:

xspa′ = Attention [Concat (xspa
class, xfeature

spe)]
(12)

xspa′′ = Add
(
xspa′,xspa,xspe′) (13)

IE = Concat{[f1

(
xspe′′) ], [f2(x

spa′′)]} (14)

I ′ = Upsample [F (IE)] . (15)

The xspa
class is a class token for spatial branches, xspe

feature repre-
sents the feature embedding of spectral branches, Attention(·)
represents the multihead self-attention module, f(·) represents
the MLP processing process, F (·) represents the reshaping
operation, and Upsample(·) represents upsampling.

3) Stripe-Pool Block: The stripe-pool block is designed for
the output of DSSCR–VIT to expect further fine-grained learn-
ing of image features, as shown in Fig. 6. The stripe-pooling
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module is divided into two parallel branches horizontal pool-
ing and vertical pooling that perform pooling operations along
corresponding direction.

Mathematically, the 3-D feature image denoted as I ′ ∈
R

L×H×W undergoes a series of polling and convolution oper-
ations to derive the values yhi and ywj . Notably, the horizontal
pooling output yhi can be formally defined as

yh
i =

1

W

∑
0≤j≤W

Ii,j
′. (16)

Vertical pooling output ywj can be represented as

yw
j =

1

H

∑
0≤j≤H

I ′i,j . (17)

In the formula, the i and j represent the positions of feature
image pixels, and h and w represent the spatial range of pooling.
And then yhi and ywj are fused as follows:

Y = yh
i + yw

j . (18)

Finally, the output z is obtained by a convolution and sigmoid
function that can be calculated as

z = σf (Y ) . (19)

Among them, σ represents the sigmoid function, and f()
represents the 1 × 1 convolution.

C. Multiscale Pyramid CNN Encoder

Within the context of the multiscale pyramid CNN encoder
branch, this article employs a dual-branch encoding framework
that integrates 2-D pyramid convolution and 3-D pyramid con-
volution. This configuration facilitates the understanding of the
input feature image, as depicted in Fig. 7. Notably, the 2-D
pyramid convolution branch is dedicated to acquiring spatial
features with varying receptive fields, while the 3-D pyramid
convolutional branch is strategically designed to delve into the
realm of richer spectral contextual information.

1) 2-D-Pyramid Conv: The 2-D pyramid convolutions men-
tioned in this article serve the purpose of comprehensively cap-
turing the spatial attributes of images. This is achieved through
the processing of inputs at various kernel scales, all while avoid-
ing the escalation of computational expenses or model intricacy.

In this branch, the number of convolutional integral groups are
set to 1, 4, 4, and 16, and the stride is set to 1. The convolutional
kernel size is shown in Fig. 7. The processing of convolution
and the I ′′1 can be represented as{

x1 = Conv1 [f1 (I)]

x2 = Conv2 [f1 (I)]

{
x3 = Conv3 [f1 (I)]

x4 = Conv4 [f1 (I)]
(20)

I ′′
1 = x1 + x2 + x3 + x4. (21)

Among them, f1() represents a convolution with a kernel size
of 1× 1 used to modulate the size of input channel, while Conv1,
2, 3, 4 correspond to convolutions with kernel sizes of 3, 5, 7,
and 9, respectively.

Fig. 7. CNN-encoder structure.

2) 3-D-Pyramid Conv: In this branch, first, a nonextrusion
operation is performed to channel, which can be represented as

x′ = unsequeeze (I, 1) . (22)

Second, x′ ∈ R
1×H×W is fed into two sub-branches with

different receptive fields, and then further fused to obtain x′
3.

The process can be expressed as follows:

x′
1 = Conv3d2 (Conv3d1) (23)

x′
2 = Conv3d4 (Conv3d3) (24)

x′
3 = x′

1 + x′
2. (25)

Among them Conv3d1, Conv3d2, Conv3d3, Conv3d4 are
3-D convolutions of kernel sizes are 1 × 1 × 1, 9 × 5 × 5, 1 ×
1 × 1, 9 × 5 × 5, respectively.

Finally, after sequentially passing through a 1 × 1 × 1
convolution and a sequence operation, the I ′′2 ∈ R

P×H×W is
restored to the same channel size of the 2-D pyramid convolution
branch. It can be represented as

I ′′
2 = squeeze (Conv3d5 (x

′
3) ,P ) . (26)

Among them Conv3d5 is a 3-D convolution with kernel size
of 1 × 1.

D. Decoder

After fusing the output of the dual stream network, we will
send the output of the automatic encoder to the decoder mod-
ule for decoding. The specific operating steps are as follows:
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Fig. 8. (a) Samson true-color image. (b) Apex true-color image. (c) Synthetic
RGB image. (d) Jasper ridge RGB image.

First, the decoder in this article compresses the channel to the
corresponding number of end elements in the dataset through a
four-layer convolutional layer with a kernel of 1 × 1. Second,
after convolutional layer processing, the accuracy of endmem-
ber reconstruction and abundance estimation is improved by
sharing weights. The estimated abundance is obtained through
a convolution and softmax function with a kernel of 3 × 3.
Finally, the estimated abundance obtained from the output is
passed through a convolutional layer with a kernel of 1 × 1 to
obtain the reconstructed endmember.

III. EXPERIMENTAL RESULTS

This article compares the results of the proposed network
with seven different unmixing techniques, specifically FCLSU
[12], L1/2

-NMF [19], Coolab [13], EGU-Net [21], MiSiC-Net

[24], Trans-Net [35], and UST-Net [37], applied individually to
three real datasets (Samson, Apex, and Jasper Ridge) and one
synthetic dataset.

A. Hyperspectral Dataset Description

Samson dataset: The Samson hyperspectral dataset was em-
ployed in this article, which included 156 different spectral
channels in the wavelength range of [401–889] nm, as well as
95 × 95 pixels. The true color image of the Samson dataset, as
shown in Fig. 8(a), contained three endmembers: soil, trees, and
water.

Apex dataset: The cropped images of the Apex dataset used
in this article were shown in Fig. 8(b). This image contained 110
× 110 pixels and covered 285 different bands spanning spectral
channels of [413–2420] nm. There were four endmembers in
this HSI, namely water, trees, roads, and roofs.

Synthetic dataset: We created the simulated data based on
the method followed by [42], and its RGB images were shown
in Fig. 8(c). Its size was 104 × 104 pixels, distributed over
200 spectral bands, with four endmembers. We generated these
mixed pixels by multiplying four endmembers and four abun-
dance maps based on LMM.

Jasper ridge dataset: The original data comprises 512 × 614
pixels, with each pixel recorded across 224 channels spanning
from 380 to 2500 nm. Due to the complexity of the original
image, which is less conducive to the specific research at hand,
we considered and adopted 100 × 100 pixel subimages in
this article, retaining a total of 198 channels, as illustrated in
Fig. 8(d).

B. Description of Experimental Equipment and Parameters

The proposed model has been researched on a PC equipped
with an i7 8750H core processor and NVIDA GTX 1050Ti
GPU, using a Python 3.8.0 interpreter. This article explores
several hyperparameters across different datasets, which are
summarized in Table I. As shown in the table, the regularization
parameters are δ and ε, which are used to adjust contribution of
RE and SAD loss. Furthermore, detailed of training parameters
of epoch, learning rate, and weight decay are also illustrated in
the table.

C. Experimental Results and Comparison

This article evaluates the performance of the proposed model
and compares it with six different approaches on above three
datasets. These include three traditional unmixing methods: the
FCLSU utilizing VCA for endmember extraction, theL1/2

-NMF

employing abundance sparsity for unmixing, and the collab
considering spatial–spectral information for joint unmixing. In
addition, three state-of-the-art deep neural network based meth-
ods are considered: the EGU-Net, an endmember-guided un-
mixing network; the MiSiC-Net, a spectral-spatial collaborative
network; and the Trans-Net, the first application of a transformer
network for unmixing.

Samson dataset: The quantitative results on the Samson
dataset can be found in Tables II and III. The results indicate
that the proposed model outperforms other techniques in terms
of abundance and endmember estimation in most cases. Among
them, the average RMSE of our network is 0.05501, which is
30.90% higher than the suboptimal method; and its average
SAD is 0.05762, which is 22.58% higher than the suboptimal
method. The experimental results reveal the competitiveness
of the proposed network on Samson dataset, and it proves the
feasibility and superiority of the cross-fusion network between
CNN and transformer in the task of unmixing.

Apex dataset: The quantitative results of the Apex dataset
are shown in Tables IV and V. From the table, it can be seen
that the endmembers “Road” and “Water” in the Apex dataset
pose a considerable challenge compared to most other methods.
However, the proposed method greatly improves the estimation
of these two endmembers, mainly due to the proposed network’s
collaborative learning strategy for spectral spatial information,
which takes into account the geometric information of the end-
members and fully utilizes effective spectral bands. The average
RMSE value of this method is 34.26% higher than that of the
suboptimal method, and the average SAD is 71.10% higher
than that of the suboptimal method. Furthermore, based on the
SAD value, the proposed method provides the best endmember
estimation for all endmembers.

Synthetic dataset: To evaluate the robustness of the proposed
method to noise, we added Gaussian white noise with different
noise powers to the simulated dataset, and obtained data with
signal-to-noise ratios of 20, 30, 40, and 50 dB, respectively. The
endmember and abundance estimation results under different
noise conditions are shown in Tables VI and VII, including the
results of all alternative unmixing methods. Overall, on the one
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TABLE I
INFORMATION ON HYPERPARAMETER SETTINGS

TABLE II
MEAN RMSE RESULTS OF THE SAMSON DATASET

TABLE III
MEAN SAD RESULTS OF THE SAMSON DATASET

TABLE IV
MEAN RMSE RESULTS OF THE APEX DATASET

TABLE V
MEAN SAD RESULTS OF THE APEX DATASET
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TABLE VI
MEAN RMSE RESULTS OF THE SYNTHETIC DATASET

TABLE VII
MEAN SAD RESULTS OF THE SYNTHETIC DATASET

TABLE VIII
MEAN RMSE RESULTS OF THE JASPER DATASET

TABLE IX
MEAN SAD RESULTS OF THE JASPER DATASET

hand, as the signal-to-noise ratio increases, the abundance of
each network and the estimation results of endmembers have
improved. On the other hand, under different signal-to-noise
ratios, most deep-learning-based unmixing networks have
better effects than traditional methods that also reflects the
superiority of deep learning in the unmixing tasks. In addition,
among several deep-learning-based methods, there are notable
distinctions. One point to consider, the first transformer-based
unmixing task, Trans-Net, outperforms the classic CNN
network, EGU-Net. However, it still falls slightly short of
MiSiC-Net, which leverages spectral–spatial information
for unmixing. This underscores the vast potential for further
exploration of transformers in unmixing tasks. On the flip side, in

comparison to alternative networks, the network proposed in this
article yields superior unmixing results, exhibiting significant
advantages in terms of RMSE and SAD across all signal-to-noise
ratios. This is primarily attributed to the proposed method’s
amalgamation of CNN and transformer strengths, coupled with
its comprehensive and meticulous learning of both spatial and
spectral information.

Jasper ridge dataset: Quantitative results in the Jasper dataset
are presented in Tables VIII and IX. As evident from the tables,
our approach outperforms most other methods in estimating
the abundances of the four endmembers in the Jasper dataset,
delivering competitive results. The method exhibits an average
RMSE value that is 11.93% higher than the second-best method,
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Fig. 9. Abundance map of the Samson dataset.

Fig. 10. Endmember graph of the Samson dataset.

and an average SAD value that is 16.19% higher than the second-
best method. Moreover, the proposed method provides the best
estimates for the abundances of all endmembers. Across the four
datasets mentioned above, our method consistently achieves the
best average SAD and RMSE values, reaffirming the superiority
of the approach introduced in this article.

D. Visual Analysis

After experimental research on different datasets and com-
parative networks, we have decided to visually analyze the
abundance and endmember maps generated from each dataset.
From the abundance maps and endpoint maps, it can be seen
that the abundance maps and endpoint maps obtained by the
proposed method in this article are visually closest to ground
truths (GTs) compared to other comparison networks. Next, the
results on each dataset will be discussed one by one.

For the Samson dataset as shown in Figs. 9 and 10, the tradi-
tional unmixing methods, such as FCLSU, NMF, and Coolab,
have shown inadequate results on the abundance and endmember
plots. This is because their performance is affected by the
differences between end elements, which limits their accuracy in
unmixing tasks and leads to overall performance losses for these
models. The overall effect of the EGU-Net method is relatively
good, but its performance on the end element “Water” is less

satisfactory. It is probably due to the network that mainly targets
pure endmembers for unmixing, and the performance of this
type of task in mixed pixel unmixing is not outstanding. The
MiSiC-Net, as one of the representative neural networks used
in hyperspectral unmixing tasks in recent years, has also shown
competitive unmixing results on Samson. Nevertheless, owing
to the inherent constraints of CNN, it fails to effectively capture
global information, thereby leaving room for enhancement in
the final reconstructed abundance and endmember maps. As
the first network based on transformer is to handle unmixing
tasks, Trans-Net has improved the accuracy of unmixing tasks.
However, due to the fact that transformers mainly focus on global
information, their unmixing performance is usually not as good
as the proposed method.

For the Apex dataset as shown in Figs. 11 and 12, we observed
that the proposed method on the “Road” endmember is closest
to the original abundance map, and relatively speaking, other
methods have lower accuracy in estimating endmembers and
abundance compared to the proposed method on the roof and tree
endmembers, and the Trans-Net and the proposed method are
significantly superior to the previous methods; and on the water
endmember, the proposed method is also more competitive. The
significant enhancement in overall network performance pri-
marily stems from the collaborative training of CNN and trans-
former architectures in this article. This collaborative approach
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Fig. 11. Abundance map of the Apex dataset.

Fig. 12. Endmember graph of the Apex dataset.

Fig. 13. Abundance map of the synthetic dataset.

empowers the network to acquire both global and intricate
details, leading to a substantial improvement in network per-
formance.

For the synthetic dataset as shown in Figs. 13 and 14, it can
be seen that the deep-learning methods proposed in recent years
have achieved better results compared to the classical unmixing

methods. The MiSiC-Net, Trans-Net, as well as the abundance
maps and endmember maps generated by the proposed methods
in this article exhibit a visual resemblance that is closer to the
GTs. This is mainly due to the stronger learning ability of deep-
learning methods, as well as their wider coverage and better
adaptability.
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Fig. 14. Endmember graph of the synthetic dataset.

Fig. 15. Abundance map of the Jasper dataset.

For the Jasper dataset, as depicted in Figs. 15 and 16, we
observe that traditional methods like VCA and NMF fail to
correctly estimate “Tree” and “Water.” This is due to the
limitations of traditional methods in capturing fine details in
images. In contrast, deep-learning-based approaches perform
significantly better, underscoring the superiority of deep learn-
ing over traditional methods. Our proposed method also ex-
cels in estimating the “Soil” endmember, further demonstrat-
ing that our neural network is better at learning image details
and contextual information compared to other deep-learning
methods. This highlights the effectiveness of our proposed
approach.

E. Ablation Study

This article employs a dual-branch encoder–decoder structure
to tackle unmixing tasks across three different datasets. To

validate the roles of various encoder components within the
proposed network, we conducted ablation experiments on the
dual-branch encoder.

From Table X, it is evident that using only a single-branch
encoder in the proposed network yields inferior unmixing results
compared to the fusion achieved by the dual-branch approach.
This highlights a substantial enhancement in source separation
when utilizing the dual-branch fusion. Notably, across all three
datasets, the CNN branch demonstrates higher effective sepa-
ration compared to the transformer branch. We attribute this to
the nature of the transformer as a network that excels in tasks
with long-range dependencies, typically performing optimally
in deeper networks.

Table XI presents experimental results on three datasets using
a single module from the CNN encoder. The results indicate
that the individual use of either the 2-D pyramid module or the
3-D pyramid module is less effective than their combination.
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Fig. 16. Endmember graph of the Jasper dataset.

TABLE X
PERFORMANCE OF DIFFERENT ENCODER MODULES IN THE PROPOSED NETWORK ON THREE DATASETS

TABLE XI
PERFORMANCE OF THE PROPOSED NETWORK USING ONLY A SINGLE MODULE OF CNN ENCODER ON THREE DATASETS

TABLE XII
PERFORMANCE OF THE PROPOSED NETWORK USING ONLY TRANSFORMER ENCODER SINGLE OR TWO COMBINED MODULES ON THREE DATASETS

This substantiates the rationality of the designed CNN encoder
modules. In addition, it is observed that the 2-D pyramid con-
volution outperforms the 3-D pyramid convolution slightly on
all three datasets, likely due to the 3-D pyramid convolution
compressing spectral channels, leading to the loss of some
spectral information.

Table XII illustrates the combinations of various components
within the transformer encoder across the three datasets that the
performance remains subpar when compared to the collaborative
effect of all three modules. Furthermore, the performance of the
DSSCR–VIT module alone is the poorest among the three com-
binations, indicating that the inclusion of the Squeeze-launch
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module and stripe-pooling module enhances the unmixing per-
formance of the transformer encoder.

IV. CONCLUSION

In this article, we introduced a hyperspectral unmixing net-
work based on VIT and pyramid CNN, which exhibits competi-
tive performance in unmixing accuracy compared to the bench-
mark networks. The design of the squeeze–stretch module in the
transformer encoder of the proposed TCCU-Net helps deepen
the network while mitigating the interference of overly detailed
information. The inclusion of the DSSCF module enables the
transformer encoder to simultaneously focus on spectral and
spatial information. In addition, the use of the stripe-pooling
module ensures that the transformer encoder pays attention
to local fine-grained details, further enhancing the network’s
performance. In the CNN encoder, the 2-D pyramid convolution
focuses on spatial information by employing convolution kernels
of varying scales, while the 3-D pyramid convolution module
prioritizes spectral neighborhood information by configuring
the spectral channels as one, thus allowing the CNN encoder
to attend to both spatial and spectral information simultane-
ously. To validate the effectiveness of the proposed TCCU-
Net, extensive ablation studies were conducted on the Samson,
Apex, Jasper Ridge, and synthetic datasets. The experimental
results demonstrate that the TCCU-Net is an effective unmixing
method, consistently delivering robust unmixing performance
across all four datasets. We look forward to the application of the
TCCU-Net in relevant domains, contributing to the advancement
of hyperspectral unmixing.
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