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Abstract— Most of the existing deep learning-based hyper-
spectral image (HSI) classification algorithms are based on
supervised learning, where a large number of annotated labels
with high acquisition cost are required. Self-supervised learning
(SSL) methods can learn abundant representations using a
large amount of unlabeled data, thereby reducing the relia-
bility of labels. In particular, SSL based on masked image
modeling (MIM) can extract fine-grained features, which is
well suited for HSI classification as a pixel-level interpretation
task. However, MIM has scarcely been investigated in the HSI
classification. Current algorithms lack a comprehensive consid-
eration of the multiscale spectral–spatial characteristics of HSI
when constructing the pretraining task, and there exists high
computational cost and redundancy when applied to large-scale
HSIs. Therefore, this article develops an SSL framework based
on spectral–spatial hierarchical masked modeling (S2HM2) for
large-scale HSI classification. Considering the spectral–spatial
characteristics of HSI, 3-D masking strategy and spectral–spatial
consistency loss are proposed to construct the MIM task. To fully
exploit features at each scale, hierarchical 3-D feature pyramid
network (3D-FPN) is designed as decoder for both pretext and
downstream tasks in a “pixel-to-pixel” manner. In addition,
multiscale masked feature modeling (MS-MFM) task is proposed
to further facilitate the multiscale feature learning. The SSL pre-
training is guided by both MIM and MS-MFM. The experimental
results on two large-scale hyperspectral datasets, i.e., WHU-OHS
and WHU-H2SR, demonstrate the superiority of the proposed
method. Furthermore, transfer learning experiments are con-
ducted on a variety of hyperspectral datasets, where classification
accuracies are boosted in most of the scenarios. The source code
will be made available at https://github.com/tulilin/S2HM2.

Manuscript received 6 February 2024; revised 12 April 2024;
accepted 20 April 2024. Date of publication 24 April 2024; date of
current version 8 May 2024. This work was supported in part by the Major
Scientific and Technological Projects of Yunnan Province under Grant
202202AD080010; and in part by the National Natural Science Foundation
of China under Grant 42071311, Grant 42271328, and Grant 42090011.
(Corresponding author: Jiayi Li.)

Lilin Tu, Jiayi Li, Xin Huang, and Jianya Gong are with the School
of Remote Sensing and Information Engineering, Wuhan University,
Wuhan 430079, China (e-mail: tulilin0312@163.com; zjjercia@whu.edu.cn;
xhuang@whu.edu.cn; gongjy@whu.edu.cn).

Xing Xie is with the School of Environmental and Mapping Engineering,
Suzhou University, Suzhou 234000, China.

Leiguang Wang is with the Institute of Big Data and Artificial Intelligence
and the Key Laboratory of State Forestry and Grassland Administration on
Forestry and Ecological Big Data, Southwest Forestry University, Kunming
650024, China.

Digital Object Identifier 10.1109/TGRS.2024.3392962

Index Terms— Hyperspectral image (HSI) classification,
masked image modeling (MIM), multiscale features, self-
supervised learning (SSL), spectral–spatial information.

I. INTRODUCTION

HYPERSPECTRAL remote sensing, which can obtain
rich spectral information of land surface, is one of

the most important Earth observation technologies [1], [2].
Hyperspectral image (HSI) classification, i.e., assigning a
semantic label to each pixel, is one of the key techniques
for HSI analysis [3]. Large-scale HSI classification has a
wide range of applications, e.g., mineral exploration [4], pre-
cision agriculture [5], environment monitoring [6], and urban
planning [7].

With the advantage of extracting high-level semantic rep-
resentation of data, deep learning has achieved unparalleled
progress in HSI classification [8], [9]. Most of the existing
deep learning-based methods are implemented in a supervised
manner, which requires a large amount of labeled data to
train the deep models [10], [11], [12], [13], [14]. However,
the semantic annotation of HSI is time-consuming and expen-
sive [15], which severely restricts the performance of HSI
classification. To address this issue, self-supervised learning
(SSL) is a new learning paradigm developed in recent years.
Through generating supervised signals from data itself to guide
the network training [16], SSL can learn abundant representa-
tions by leveraging the large amount of unlabeled data [17].
In this scenario, with only a few labels for fine-tuning the
network after SSL pretraining, a satisfactory performance
can be achieved [18], [19]. SSL can effectively resolve the
problem of label scarcity and has great potential for HSI
classification.

Contrastive learning [20], [21], [22], [23] methods are
widely adopted for SSL and have been applied to HSI clas-
sification [24]. The goal of contrastive learning is to pull
together the representations of different views of the same
image (i.e., positive samples) and push apart those of different
images (i.e., negative samples) [25]. It should be noticed
that effective semantic representations are able to separate
objects of different classes and gather those of the same
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class. However, while contrastive learning can capture the
difference between multiple land cover classes, it fails to
model the intraclass diversity [26]. In the meantime, HSI
classification is a pixel-level interpretation task, where assign-
ing effective semantic information to each pixel is of great
importance. In recent years, SSL based on masked image
modeling (MIM) [27], [28] has drawn unprecedented attention
in computer vision [29]. MIM aims at reconstructing the
masked parts of an image using the visible parts via an
encoder–decoder network. In this process, encoder is expected
to learn high-level semantic representations of images [30].
Compared with discriminative contrastive learning, MIM is
based on pixel-level reconstruction task. Therefore, MIM can
perceive the spatial details in the images and learn fine-grained
semantic representations, which are more suitable for HSI
classification. Although MIM-based SSL has been continu-
ously developing in remote sensing [31], [32], [33], [34], the
research in the field of HSI classification is scarce. Current
research mainly exists the following issues.

1) In view of decoder, current research does not fully
utilize the low-level features extracted by the shallow
encoder layers [35] for image reconstruction. Thus, it is
therefore unsuitable for the task of HSI classification,
which concentrates on multiscale representations [19].

2) Most of the existing MIM-based SSL algorithms gener-
ate masks for HSI in either spectral [36] or spatial [37]
dimension without a comprehensive consideration of
the spectral–spatial features. In addition, these networks
are optimized by minimizing the pixel-wise difference
between reconstructed and original images, lacking the
considering from continuous spectral curves and spatial
structure of HSI.

3) Most of the existing algorithms generate overlapping
patches using a window of small size as input. When
these methods are applied to large-scale HSI, it is
difficult for networks to learn long-range relationships
in the image given the limited spatial window [38].
Moreover, there exists unacceptable high computational
cost and redundancy for the patch-wise processing.

Therefore, in this article, we propose a pixel-wise SSL
framework based on spectral–spatial hierarchical masked mod-
eling (S2HM2) for large-scale HSI classification. The main
contributions are as follows.

1) To make full use of the encoding features at each scale,
a 3-D feature pyramid network (3D-FPN) is designed as
decoder. In 3D-FPN, the decoding features are gradually
upsampled and fused with the encoding features at
current scale, to recover the spatial information and
further implement “pixel-to-pixel” image reconstruction
(for SSL pretraining) or HSI classification (for the
downstream task).

2) To further facilitate the multiscale feature extrac-
tion of HSI, the multiscale masked feature modeling
(MS-MFM) task is proposed, where encoding features
at each scale are reconstructed using the corresponding
decoding features. By introducing the target encoder
with momentum update, the quality of the generated

reconstruction targets is improved, thus boosting the
performance of multiscale feature learning.

3) Considering the spectral–spatial characteristics of
HSI, a spectral–spatial 3-D masking strategy and a
spectral–spatial consistency loss are proposed to con-
struct the MIM task. Three-dimensional masks are
generated for HSI in both spectral and spatial dimen-
sions, and a uniform loss function that measures the
reconstruction of spectral curves and preserves the spa-
tial details is developed. The SSL pretraining is guided
by the combination of the spectral–spatial MIM and
MS-MFM.

II. RELATED WORKS

A. Supervised HSI Classification Based on Deep Learning

Deep learning approaches have made great advances in
supervised HSI classification over the past years [8], [9].
Among the various deep networks, convolutional neural net-
work (CNN) can effectively extract the contextual information
in the images via the sparse connection and weight-sharing
mechanisms and is one of the most popular network struc-
tures for HSI classification [8]. In [10], CNN with 3-D
convolution kernels was proposed for the spectral–spatial
feature extraction of HSI. A pyramidal residual network
architecture was proposed in [39] to increase the diversity
of high-level spectral–spatial features. The unified multiscale
learning (UML) framework [40] adopted convolutional layers
with different dilation rates for multiscale feature learning
of HSI, and the features were further enhanced by channel
shuffling operation and spatial–spectral attention. In recent
years, Transformer [41], [42] has been successfully applied
in the field of computer vision [43]. Compared with CNN
which extracts features in local receptive field, Transformer
can capture the global dependency in the images through
multihead self-attention (MSA). Several Transformer-based
networks have been developed for HSI classification. In [13]
and [44], the spectral bands of HSI were groupwise embedded
as the inputs of the MSA. The convolution operations were
incorporated into Transformer in [14] to capture the subtle
spectral–spatial discrepancies. A hybrid network structure
combining CNN and Transformer was proposed in [45], where
the patch attention module was integrated with convolution and
Transformer blocks to extract global–local features. For HSI
classification, both local and global features are important [14],
[46]. Therefore, in this article, the network structure was
designed taking both CNN and Transformer into consideration.

B. Masked Image Modeling

Motivated by the success of masked language modeling
(MLM) [47], [48] in the field of nature language processing
(NLP), in recent years, SSL based on MIM has developed
rapidly and made great breakthrough in computer vision [29].
These methods mask some parts of the images and learn visual
representations by recovering the missing information using
the visible parts.

The information density of images is sparse and there
exists large amount of redundancy. In this case, the missing
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pixels within every image can easily be recovered using the
neighborhood information. Therefore, to achieve a high-level
understanding on the images rather than learning “short-cut”
solutions, a large portion of the images can be masked to build
the reconstruction task. Based on the above considerations,
masked autoencoders (MAEs) [27] was proposed as the first
milestone for MIM. In MAE, images were first split into
nonoverlapping patches, and a high ratio of patches were
randomly chosen to be masked. Only visible patches were
sent into an encoder to extract the latent features of the whole
image. Locations of the masks and the latent features were
fed into a decoder to estimate each masked patch. Furtherly,
a simple MIM framework named SimMIM [28] was proposed.
Different from MAE, after the random masking, the masked
patches were replaced by learnable tokens and processed by
the encoder–decoder network together with the visible patches.
In this way, the 2-D structure of the images was preserved
throughout the learning process, which allows SimMIM to
be flexible in the selection of encoder network structures,
especially suitable for hierarchical networks (e.g., Swin Trans-
former [49]). Hierarchical networks can extract multiscale
features, which is important for HSI classification. Therefore,
in this article, we follow the practice of SimMIM to design
the SSL framework for feature learning and classification of
large-scale HSI.

C. HSI Classification Based on SSL

For HSI classification based on SSL, deep networks are
first pretrained to learn representations from images and then
transferred to the downstream HSI classification task.

The SSL methods for HSI classification are mainly based
on contrastive learning. For most of current studies, different
views of HSI are generated in spectral or spatial domain to
construct the positive and negative samples, and networks are
trained with the goal of minimizing the distance between
positive samples and maximizing the distance between neg-
ative ones. For example, deep multiview learning method [50]
divided the spectral bands of HSI into two groups as different
views. In [51], different views of HSI in spectral and spatial
domains were generated through Gaussian noise and spatial
transformations, respectively, and contrastive learning was
implemented after merging spectral–spatial features. A 3-D
Swin Transformer (3DSwinT) network structure and a hier-
archical contrastive learning method [19] were proposed for
multiscale spectral–spatial and global–local feature extraction.
Supervised contrastive learning [52], which regards samples
from the same (different) classes as positive (negative) sam-
ples, were introduced to HSI classification with limited labeled
samples in [53]. In this framework, pseudo-labels were gener-
ated based on spectral–spatial mixing distance to improve the
contrastive learning. In [54], refined prototypical contrastive
learning was proposed for few-shot HSI classification, where
supervised contrastive learning was served as one of the
constraints on the prototypes. In addition, contrastive learning
based on BYOL [22], which using only positive samples,
has also been applied to HSI classification [55]. For these
methods, the targets for contrastive learning are generated by

a momentum encoder, which stabilizes the network training
and improves the quality of learned representations. Inspired
by BYOL, in this article, target encoder with momentum
update is introduced to generate the reconstruction targets of
MS-MFM task.

SSL algorithms based on MIM are scarcely investigated
in the field of HSI classification. For the reconstruction of
spectral information, based on MAE, MAEST [36] conducted
groupwise spectral embedding for HSI, where a portion of
band groups were randomly selected to be masked. The
pretext task of MAEST refers as to reconstruct the masked
spectral bands. For the reconstruction of spatial information,
spectral–spatial masked Transformer (SS-MTr) [37] masked
HSI in the spatial dimension to build the reconstruction task.
In addition, SS-MAE [56] is proposed for the joint classifi-
cation of HSI and light detection and ranging (LiDAR) [or
synthetic aperture radar (SAR)] data, which includes a spatial
branch reconstructing the masked spatial patches and a spectral
branch reconstructing the masked spectral channels. In this
article, an SSL framework based on spectral–spatial 3-D Mask
and hierarchical 3-D decoding is proposed for large-scale HSI
classification.

III. METHODOLOGY

A. Overview

An SSL framework based on S2HM2 for large-scale HSI
classification is proposed in this study. The overall structure of
S2HM2 is illustrated in Fig. 1, which consists of the following
steps.

Step 1 (Spectral–Spatial 3-D Masking and Feature Extrac-
tion of HSI): Considering the abundant spectral–spatial
information, 3-D Mask strategy is performed on the HSI,
where a portion of patches in both spectral and spatial dimen-
sion are selected and masked. The masked HSI is then fed to
the 3DSwinT [19] encoder to extract spectral–spatial features.

Step 2 (Hierarchical 3-D Decoding): To make full use of
the multiscale features, 3D-FPN is designed as the decoder for
both SSL pretraining and the downstream HSI classification
task. In 3D-FPN, the features outputted by the last encoder
layer are gradually upsampled and fused with encoding fea-
tures at current scale to recover the spatial details.

Step 3 (Image Reconstruction With Spectral–Spatial Con-
sistency and Multiscale Feature Reconstruction): The masked
parts of the input HSI are reconstructed from the output
features of 3D-FPN. To model the characteristics of spectral
curves and spatial structure, reconstruction loss based on
spectral–spatial consistency is developed for training the MIM
task. In addition, MS-MFM task is proposed that reconstruct-
ing the encoding features at each scale from the corresponding
decoding features, where the reconstruction targets are gener-
ated by introducing a target encoder with momentum update.
The full pretext task is the combination of the spectral–spatial
MIM and MS-MFM.

B. Spectral–Spatial 3-D Masking and Feature Extraction

1) 3-D Mask: Existing MIM-based methods generate masks
of HSI in only spectral or spatial dimension (denoted as
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Fig. 1. Overall structure of the proposed S2HM2. Given an HSI, 3-D Mask strategy is performed to mask the patches selected in both spectral and spatial
dimension. The masked image is then fed into 3DSwinT encoder to extract multiscale spectral–spatial features. The encoding features are hierarchically
decoded using the 3D-FPN and the masked patches are reconstructed. The network is jointly trained by the MIM task based on spectral–spatial consistency
loss, and the MS-MFM task with the reconstruction targets generated by a momentum target encoder.

1-D Mask and 2-D Mask, respectively). In this article, 3-D
Mask strategy is proposed. Through masking HSI in both
spectral and spatial dimensions, the network can achieve
a more comprehensive understanding of the spectral–spatial
characteristics.

For an HSI X with the size of B × H × W (H and W
denote the height and width of the image, respectively, and B
is the number of spectral bands), it is first split into several
3-D cubes X i with the size of b × h × w

X =
{

X i}N
i=1, where N =

B
b

×
H
h

×
W
w

. (1)

Given α within the range of (0, 1), the cubes with the ratio
of α are randomly selected and masked

index = RandomSelect(αN , N ) (2)

M =
{

M i}N
i=1 (3)

M i
=

{
1, i in index
0, other

(4)

where M is the obtained mask for the whole HSI, with the
size of B × H × W . Equation (2) randomly picks up the
cube indexes among the integers from 1 to N with the ratio
of α. M i

= 1 represents that the cube is masked, while M i
=

0 indicates that the pixels with number of b × h × w in the
cube are visible during the training process.

Fig. 2 shows the comparison between 1-D Mask, 2-D Mask,
and the proposed 3-D Mask. The 1-D Mask and 2-D Mask
consider either spectral or spatial dimension of HSI, leading to
information loss in the other dimension and hindering effective
feature extraction. For example, with respect to 1-D Mask
[Fig. 2(a)], a portion of spectral bands are selected and all the
spatial regions of the selected bands are masked, which makes
it difficult to reconstruct the spatial context in the masked
bands. Similarly, the 2-D Mask strategy [Fig. 2(b)] masked
all spectral bands for the selected spatial regions, increasing
the difficulty of spectral curve reconstruction. In contrast, the
proposed 3-D Mask [Fig. 2(c)] takes the redundancy in both
spectral and spatial dimensions into consideration, which can
improve the capability for the network to learn spectral–spatial
representations.

2) Feature Extraction of HSI: In this article, 3DSwinT [19]
is selected as the network structure of the encoder considering
its capacity to capture the multiscale spectral–spatial informa-
tion of HSI.

In 3DSwinT, the HSI is first split into 3-D patches
with the size of d × 4 × 4 and feature with the size
of C × D × (H/4) × (W/4) is obtained (i.e., C fea-
ture maps with the size of D × (H/4) × (W/4), where
D = B/d). Then, according to the 3-D Mask generated in
Section III-B1, the masked patches are replaced by learnable
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Fig. 2. Comparison between (a) 1-D Mask, (b) 2-D Mask, and (c) proposed
3-D Mask. In every subfigure, there are (B/b) × (H/h) × (W/w) = 144
3-D cubes, and the mask ratio α is 0.50.

masked tokens with random initialization as the subsequent
input.

The main components of 3DSwinT include four blocks.
Each block consists of several pairs of 3-D window-based
multihead self-attention (3-D W-MSA) and 3-D shifted
window-based MSA (3-D SW-MSA). The 3-D W-MSA
extracts the spectral and spatial sequence information in each
local 3-D window, and the 3-D SW-MSA exchanges infor-
mation between windows. In this way, the spectral–spatial
features of HSI can be captured locally and globally. In addi-
tion, neighboring patches are merged between each of the
two adjacent blocks to construct multiscale feature maps [19].
Finally, the network extracts the features of HSI with four
different scales denoted as P1–P4, and the feature sizes are
C × D × (H/4) × (W/4), 2C × D × (H/8) × (W/8),
4C × D × (H/16) × (W/16), and 8C × D × (H/32) ×

(W/32).

C. Hierarchical Decoding Based on 3D-FPN

The masked regions of HSI are reconstructed based on the
features extracted by the encoder. In this article, a feature
pyramid network with 3-D convolution is designed for the
hierarchical decoding of both SSL pretraining and the down-
stream HSI classification. In the process of decoding, the low
spatial resolution with high-level semantic features is gradually
upsampled and fused with the high spatial resolution low-level
encoding features at current scale [57]. In this way, the features
at each scale are fully utilized, and the image reconstruction or
HSI classification can be effectively implemented in a “pixel-
to-pixel” manner. The network structure of 3D-FPN is depicted
in Fig. 3.

The output feature P4 of the last encoder layer is fed into
a 3-D feature aggregation module (3D-FAM), as shown in
Fig. 3(b). The adaptive 3-D max pooling with four different
sizes is applied to P4, and feature maps with the size of 1 ×

1 × 1, 2 × 2 × 2, 3 × 3 × 3, and 6 × 6 × 6 are obtained.
These feature maps are then upsampled to the size of P4 and
concatenated together after being processed by a 1 × 1 ×

1 convolution. The output feature Q4 of the 3D-FAM, with
the size of C ′

× D × (H/32) × (W/32) (C ′ is the number
of output feature maps in 3D-FPN), is obtained using another
1 × 1 × 1 convolution. In a word, 3D-FAM further enlarges
the receptive field of the network through aggregating the
contextual information in different regions [58].

The feature Q4 is then passed through three consecutive
3D-FPN blocks, and each one is shown in Fig. 3(c). The
input feature Qn at the nth scale is upsampled with the ratio
of 2, and the encoding feature Pn−1 at corresponding scale
is fed into a 3-D convolution block (composed of 1 × 1 ×

1 convolution, 3-D batch normalization, and rectified linear
unit (ReLU) activation function) to unify the feature size.
These two features are added together and forwarded to
another 3-D convolution block to get the output of 3D-FPN
block Qn−1, which is also the input feature at the (n − 1)th
scale. After going through three 3D-FPN blocks, decoding
features at three different scales Q3, Q2, and Q1 are obtained,
which are subsequently used for the MS-MFM task. The
feature sizes are C ′

× D × (H/16) × (W/16), C ′
×

D × (H/8) × (W/8), and C ′
× D × (H/4) × (W/4),

corresponding to the encoding features P3, P2, and P1.
Finally, features Q4, Q3, Q2, and Q1 are upsampled to unify

the feature size and concatenated together. A 3-D convolution
block is adopted for fusing these multiscale features to obtain
the output feature Q, with the size of C ′

× D × (H/4) ×

(W/4), which is used to reconstruct the original image (i.e.,
the proposed spectral–spatial MIM task).

D. Image Reconstruction With Spectral–Spatial Consistency
and Multiscale Feature Reconstruction

1) MIM Based on Spectral–Spatial Consistency: A 1× 1×

1 convolution is employed as reconstruction head to obtain the
reconstructed image from the output feature Q of 3D-FPN.
The size of original image is B × H × W and the size
of feature Q is C ′

× D × (H/4) × (W/4). Therefore, the
number of output feature maps for the reconstruction head
should be 16d = d × 4 × 4 (as mentioned before, D = B/d),
which represents the values of d bands for 4 × 4 pixels. In this
way, the output of the reconstruction head [with the dimension
of 16d × D × (H/4) × (W/4)] can be transformed to the
original image. The detailed steps of the transformation are as
follows.

Step 1: Reshape the output feature to the size of d × 4 ×

4 × D × (H/4) × (W/4) by unflattening the first dimension.
Step 2: Permute the dimensions of the feature to the size of

D × d × (H/4) × 4 × (W/4) × 4.
Step 3: Reshape the feature to the size of B × H × W by

merging each of the two dimensions.
Existing algorithms mostly adopt the L1 loss (i.e., the

pixel-wise difference between the reconstructed and original
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Fig. 3. Network structure of 3D-FPN. (a) Overall structure. (b) 3D-FAM. (c) 3-D feature pyramid network (3D-FPN) block, where C ′′ is the number of
feature maps in the encoding features at current scale.

image) for the training of MIM task

L1 =

∑
M ·⃝|X rec − X |∑

M
(5)

where X rec and X represent the reconstructed and original
images, respectively; M is the mask; and ·⃝ represents the
element-wise product.

To better model the characteristics of spectral curves
and spatial structure in HSI, in this article, spectral–spatial
consistency loss is designed for the optimization of the
spectral–spatial MIM task based on spectral angle mapper
(SAM) and structure similarity index measure (SSIM). The
loss function based on SAM measures the cosine similarity of
the reconstructed and original spectral curves [59]

LSAM =
1

H W

H W∑
i=1

xT
i x ′

i

||xi || ||x ′
i ||

(6)

where x ′
i and xi represent each pixel of reconstructed and

original images, respectively.

The loss function based on SSIM evaluates the expression
of spatial details in the image

SSIM =

(
2µpµq + C1

)(
2σpq + C2

)(
µ2

p + µ2
q + C1

)(
σ 2

p + σ 2
q + C2

) (7)

LSSIM =

∑
M ·⃝(1 − SSIM)∑

M
(8)

where (7) is the calculation of SSIM [60]. p and q represent
the reconstructed and original images, respectively. µ and σ

are the mean and standard deviation of the neighborhoods of
each pixel, respectively. C1 and C2 are set to 0.012 and 0.032,
respectively, to avoid 0 in denominator [60], [61].

The proposed spectral–spatial consistency loss for MIM can
be expressed as

LMIM = L1 + λ1LSAM + λ2LSSIM (9)

where λ1 and λ2 are the weight hyperparameters for SAM and
SSIM losses, respectively.
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TABLE I
HYPERSPECTRAL DATASETS USED FOR EXPERIMENTS

2) Multiscale Masked Feature Modeling: To further extract
the multiscale features of HSI, multiscale mask feature mod-
eling (MS-MFM) task is proposed in this article, where the
decoding features at each scale are utilized to reconstruct
the corresponding encoding features. We denote the encoder
in Section III-B as online encoder and introduce another
symmetric encoder named target encoder to generate the
reconstruction targets. The parameters of the target encoder are
updated using exponentially moving average (EMA) according
to the parameters of the online encoder (i.e., momentum
update with stop gradient)

θ t
i = mθ t

i−1 + (1 − m)θo
i (10)

where θ t and θo represent the parameters of target encoder and
online encoder, respectively; i is the current training steps; and
m is a relative high momentum value (set to 0.996 [22] in this
article). In this way, the parameters of target encoder are an
ensemble of the previous versions of online encoder [62] and
updated in a slow pace. Compared with sharing parameters
directly with online encoder, the generated target features
change more smoothly in the iterations [22], and the online
encoder can learn information from the past [63], which
stabilizes the network training and improves the quality of
features.

The original image (without masking) is input to the target
encoder and the features at the first three scales are obtained
as the target features T 1–T 3. For the output features of each
3D-FPN block (i.e., Q1–Q3), a 1 × 1 × 1 convolution is
used, respectively, to obtain the reconstructed features R1–R3.
The loss function of MS-MFM is the sum of the L1 loss of
reconstructed and target features at each scale

LMFM =

3∑
n=1

∑
Mn ·⃝|Rn

− T n
|∑

Mn
(11)

where Mn is the mask at each scale downsampled from the
original mask M .

3) Total Loss: The proposed S2HM2 framework is trained
with the combination of the spectral–spatial MIM and

MS-MFM task, and the total loss can be expressed as

L = LMIM + λLMFM (12)

where λ is the weight hyperparameter that balances the
contributions of these two tasks.

IV. RESULTS AND DISCUSSION

A. Dataset Description

To evaluate the performance of the proposed method, two
large-scale hyperspectral datasets (i.e., WHU-OHS [3] and
WHU-H2SR [64]) and 14 other commonly used public hyper-
spectral datasets are selected for experiments. According to
the main information of each dataset summarized in Table I,
WHU-OHS and WHU-H2SR (bolded in Table I) have much
larger spatial coverage and data volume compared with other
public hyperspectral datasets. The detailed description of these
datasets is provided as follows.

1) WHU-OHS Large-Scale Hyperspectral Dataset: WHU-
OHS [3] is a benchmark dataset for large-scale HSI
classification composed of 42 Orbita Hyperspectral Satellites
(OHS) images. The spatial resolution of the images is 10 m,
and there are 32 spectral bands with wavelengths ranging
from 466 to 940 nm. The images were acquired from more
than 40 different regions of China, and the heterogeneity
across different images is high. There are 7795 subimages with
a size of 512 × 512 in the dataset, which are further cropped
into 256 × 256 for experiments. In this research, we use
the 34 images as source domain [3] for SSL pretraining and
the eight images and corresponding labels (including 23 land
cover classes) as target domain for fine-tuning and testing
in the downstream HSI classification task. Specifically, there
are 13 805 subimages for SSL pretraining, and 3329, 346,
and 1115 subimages for training, validation, and testing of
downstream task, respectively.

2) WHU-H2SR Large-Scale High-Resolution and Hyper-
spectral Dataset: WHU-H2SR [64] is a large-scale hyper-
spectral dataset with high spatial resolution. The images were
acquired in the southern part of Shenyang, Liaoning, China,
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TABLE II
SAMPLE DIVISION OF THE PUBLIC HYPERSPECTRAL DATASETS

with a total area of 227.79 km2. The spatial resolution is
1 m and there are 249 spectral bands with the spectral
range between 391 and 984 nm. There are 1516, 253, and
762 subimages, including eight land cover classes with a size
of 300 × 300 for training, validation, and testing, respectively.
In the experiments, all images from the training set are used
for SSL pretraining, and 20% of the images and labels in
the training set are randomly chosen for fine-tuning. Please
notice that since the WHU-H2SR images cover only a single
region, the landscapes across different subimages are more
homogeneous compared with the WHU-OHS dataset.

3) Other Public Hyperspectral Datasets: The 14 public
hyperspectral datasets are selected to evaluate the transfer-
ability of the proposed SSL framework (Table I). The official
training and testing sets are adopted for Indian Pines,1 Pavia
University,1 DFC2013,2 Washington DC,3 AeroRIT [65], and
WHU-Hi [66]. For other datasets, we manually divide the
samples into spatially disjoint training and testing sets. The
number of training and testing samples for each dataset is
shown in Table II.

B. Experimental Setting

The hyperparameters of the encoder are set with the ref-
erence to Swin Transformer-Tiny [49], where the number
of feature maps C after 3-D patch embedding is 96. For
WHU-OHS and WHU-H2SR datasets, d is set to 4 and 16,
respectively. According to the setting of FPN [57], the number
of output feature maps C

′

of 3D-FPN is 256.
Experiments are divided into SSL pretraining and fine-

tuning stages. For SSL pretraining, the mask ratio is 45% and
60% for WHU-OHS and WHU-H2SR, respectively, and the
size of each cube in the 3-D Mask is set to 4 × 32 × 32 and
16 × 32 × 32, which is equal to the patch size of the last
block of the encoder [28] (see Section IV-E for the sensitivity
analysis of the mask ratio and mask size). The momentum for
updating the target encoder is 0.996 [22]. For simplicity, all
parts of the loss function are treated equally, i.e., λ1 = λ2 =

λ = 1. The network is pretrained for 100 and 200 epochs on

1https://dase.grss-ieee.org/index.php
2https://hyperspectral.ee.uh.edu/?page_id=459
3https://engineering.purdue.edu/ biehl/MultiSpec/hyperspectral.html

WHU-OHS and WHU-H2SR, and the initial learning rate is
0.0001 and 0.001, respectively, with a cosine decay schedule.
The batch size is set to 8 and the AdamW optimizer is adopted.

After pretraining, the reconstruction head is replaced by
a classification head (consisting of a 3 × 3 × 3 and a
1 × 1 × 1 convolution) [35], [68], with other parts of the
network unchanged. The labels of HSI classification are used
for fine-tuning the network. Given that the number of labels
for each class is imbalanced in HSI classification [69], in the
fine-tuning stage, weighted cross entropy [70] is chosen as
a loss function for network training. The network is trained
for 100 epochs with a batch size of 8 for both datasets.
The learning rate is 0.00001 and 0.0001 for WHU-OHS and
WHU-H2SR, respectively.

OA, Kappa, mIoU, and IoU of each class are selected for
accuracy evaluation of the downstream HSI classification task.

C. Comparison Experiments

1) Compared Methods: To demonstrate the effectiveness of
the proposed S2HM2 on the downstream HSI classification
task, the following two aspects of comparison experiments are
designed.

1) Comparison With Eight Supervised Algorithms:
Contextual CNN [71], SSRN [72], pResNet [39],
HybridSN [73], A2S2K-ResNet [11], GMA-Net [12],
GAHT [44], and HiT [14].

2) Comparison With Random Initialization (i.e., With-
out Pretraining, Denoted as Random Init) and Six
Self-Supervised Pretraining Algorithms: SimCLR [20],
MoCo v2 [74], BYOL [22], MOBY [75], MAEST [36],
and SS-MTr [37]. For a fair comparison, the same
encoder is adopted for pretraining and the same
encoder–decoder architecture is used for fine-tuning.
In addition, given the large domain difference between
the source and target domains of WHU-OHS dataset [3],
supervised pretraining using labels from source domain
(denoted as Sup. init) is added to the comparison exper-
iments.

2) Results on WHU-OHS Dataset: For WHU-OHS dataset,
the accuracies of the proposed S2HM2 compared with super-
vised methods are shown in Table III, and a comparison
with different pretraining algorithms is shown in Table IV,
with the best and second-best accuracies highlighted in blue
and bolded, respectively. In addition, the model parameters
(Params), floating-point operations (FLOPs), and computa-
tional time for different algorithms are provided.

From Table III, we can see that the proposed S2HM2

achieves higher accuracies compared with the supervised
algorithms, and the accuracies of most land cover classes
are the best. As shown in Table IV, compared with ran-
dom initialization, it is difficult for SSL methods based on
contrastive learning (i.e., SimCLR, MoCo v2, BYOL, and
MOBY) to stably improve the performance of downstream
task. Specifically, MoCo v2 and MOBY obtain slightly better
results, while SimCLR and BYOL have negative impacts. The
MIM-based algorithms, i.e., MAEST, SS-MTr, and S2HM2,
have reached better performance than random initialization,
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TABLE III

ACCURACIES OF THE PROPOSED S2HM2 COMPARED WITH SUPERVISED METHODS ON THE WHU-OHS DATASET

as fine-grained representations from MIM are more suitable
for such dense prediction task. Meanwhile, since MAEST and
SS-MTr mask the HSI in only spectral or spatial dimension
without the fully consideration on spectral–spatial redundancy,
their classification accuracies are lower than the proposed
S2HM2. Specifically, the OA of S2HM2 surpasses MAEST
and SS-MTr by 3.6% and 3.0%, respectively, and reaching the
highest among all compared methods. In addition, supervised
pretraining using labels from the source domain also benefits
the performance of HSI classification. However, the accuracy
gain is smaller than the proposed method, indicating that the
proposed S2HM2 learns more universal features. Figs. 4 and 5
show the visualization results for different methods, where
the classification results of the proposed S2HM2 are more
precise and closer to the real spatial distribution of objects.
For example, in the second row of Fig. 4, the proposed method
better extracts the paddy field, which is easily misclassified as
sparse woodland by other compared methods. For the second
row of Fig. 5, the main challenge lies in differentiating the
grassland and dry farm with complex texture in the image.
Compared with other methods, the proposed S2HM2 identifies
the dry farm to a greater extent. In addition, the proposed
method better depicts the shape of bare land in the bottom-
left corner.

For the computational complexity, as shown in Table III,
the FLOPs of the proposed method is higher than the super-
vised ones. The main reason lies in that the inputs of the
supervised algorithms are overlapping patches generated in
windows of small size (e.g., 7 × 7 for SSRN [72] and

9 × 9 for A2S2K-ResNet [11]). In contrast, the proposed
method takes the whole image (i.e., subimages with the size
of 256 × 256) as input. However, the patch-wise process-
ing for the supervised algorithms exists huge computational
cost and redundancy, resulting in much longer training time
than the proposed “pixel-to-pixel” framework. With regard
to SSL-based algorithms, it can be seen in Table IV that
the proposed S2HM2 achieves the best performance without
introducing too many extra parameters and FLOPs, and its
efficiency is higher than that of contrastive learning-based
methods and competitive to that of MIM-based ones.

3) Results on WHU-H2SR Dataset: Quantitative results of
the proposed S2HM2 compared with supervised algorithms and
different pretraining algorithms on WHU-H2SR dataset are
presented in Tables V and VI, respectively. All algorithms use
the same sample set (i.e., 20% of the labels randomly chosen
from the training set) for network training or fine-tuning.

According to the results in Table V, for WHU-H2SR dataset,
the proposed S2HM2 achieves higher accuracies than the
supervised algorithms, with the accuracy of most classes
reaching the best (e.g., dry farmland, grassland, building, and
water body) or second-best (e.g., paddy field, forest land,
and greenhouse). In view of pretraining algorithms, as shown
in Table VI, the performances of contrastive learning-based
approaches are seriously degraded compared with random ini-
tialization. This phenomenon is partly due to the similar spatial
landscapes of different images within WHU-H2SR, as this
dataset is acquired in a single region in Shenyang. In con-
trast, the MIM-based methods can benefit the downstream
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TABLE IV
ACCURACIES OF DIFFERENT PRETRAINING ALGORITHMS ON THE WHU-OHS DATASET

TABLE V

ACCURACIES OF THE PROPOSED S2HM2 COMPARED WITH SUPERVISED METHODS ON THE WHU-H2SR DATASET

HSI classification task, and the proposed method significantly
outperforms MAEST and SS-MTr. Figs. 6 and 7 illustrate the
visualization results, where the proposed S2HM2 obtains the
best classification performance among the compared methods.
For instance, for the fourth row of Fig. 6, most of the compared
methods fail to effectively extract the dry farmland (e.g., SSRN
and GAHT) or the forest land (e.g., Contextual CNN and
GMA-Net). In contrast, the proposed S2HM2 shows better

separability between these two categories. In the first row
of Fig. 7, the proposed method more accurately distinguishes
between grassland, highway, and water body, and the paddy
field in the bottom-right corner is more completely identified.

Furthermore, we select different ratio of labels (20%, 40%,
60%, 80%, and 100%) to fine-tune the model pretrained under
the proposed S2HM2. As the number of labels increase, the
change of classification accuracy is shown in Fig. 8, and the
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Fig. 4. Visualization of classification results of the proposed SSL framework compared with supervised algorithms on the WHU-OHS dataset. (a) Image
(true-color compositions with R: 670 nm, G: 566 nm, and B: 480 nm). (b) Label. (c) ContextualCNN. (d) SSRN. (e) pResNet. (f) HybridSN. (g) A2S2K-ResNet.
(h) GMA-Net. (i) GAHT. (j) HiT. (k) S2HM2.

Fig. 5. Visualization of classification results of different pretraining algorithms on the WHU-OHS dataset. (a) Image. (b) Label. (c) Random init. (d) SimCLR.
(e) MoCo v2. (f) BYOL. (g) MOBY. (h) MAEST. (i) SS-MTr. (j) Sup. init. (k) S2HM2.

proposed method can reach a relatively high accuracy with
a small number of labels. For instance, when only 20% of

the labels are used for fine-tuning, the accuracy of S2HM2 is
comparative to training the network from random initialization
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TABLE VI

ACCURACIES OF DIFFERENT PRETRAINING ALGORITHMS ON THE WHU-H2SR DATASET

Fig. 6. Visualization of classification results of the proposed SSL framework compared with supervised algorithms on the WHU-H2SR dataset. (a) Image
(true-color compositions with R: 674 nm, G: 559 nm, and B: 474 nm). (b) Label. (c) ContextualCNN. (d) SSRN. (e) pResNet. (f) HybridSN (g) A2S2K-ResNet.
(h) GMA-Net. (i) GAHT. (j) HiT. (k) S2HM2.

using all (100%) labels (with the OA of 83.8%). As the number
of labels grows, both the accuracy of the proposed method
and random initialization gradually increase, and the proposed
S2HM2 consistently outperforms random initialization, with
the highest OA reaching 86.8%. These results further verify
the superiority of the proposed method when applied to the
downstream HSI classification task.

D. Ablation Experiments

The main contributions of the proposed S2HM2 include
the 3-D Mask strategy, the spatial–spectral consistency loss,
the 3D-FPN, and the MS-MFM task. In this section, ablation

experiments are conducted to investigate the effectiveness of
these components.

1) Effectiveness of Spectral–Spatial 3-D Masking:
Table VII shows the classification accuracies using the pro-
posed 3-D Mask strategy compared with masking in only
spectral (1-D Mask) or spatial (2-D Mask) dimension. The
results indicate that the proposed 3-D Mask strategy helps
the network to extract the spectral–spatial features more
comprehensively. With the same spectral coverage (i.e., the
wavelengths from 400 to 1000 nm), WHU-H2SR image has
much more spectral bands (i.e., 249) and finer spectral resolu-
tion than WHU-OHS image. Therefore, correlations between
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Fig. 7. Visualization of classification results of different pretraining algorithms on the WHU-H2SR dataset. (a) Image. (b) Label. (c) Random init. (d) SimCLR.
(e) MoCo v2. (f) BYOL. (g) MOBY. (h) MAEST. (i) SS-MTr. (j) S2HM2.

Fig. 8. Comparison of classification accuracy with different sample ratios
on the WHU-H2SR dataset.

different bands of WHU-H2SR image are much higher, and
the low-rank and sparse properties are more significant. In this
scenario, it is more significant to adopt the 3-D Mask strategy,
where the masked images can be reconstructed with the cue
in both spectral and spatial dimensions, to learn the intrinsic
features of the images. As a result, the proposed 3-D Mask
strategy boost the performance on WHU-H2SR dataset more
significantly compared with that on WHU-OHS dataset.

2) Effectiveness of Spectral–Spatial Consistency Loss:
The classification accuracies with traditional L1 loss, the
combination of L1 with SAM or SSIM loss (denoted as
L1+SAM and L1+SSIM, respectively) and the proposed
spectral–spatial consistency loss (consisting of L1, SAM, and
SSIM losses) are reported in Table VIII. The results show that

TABLE VII
ABLATION RESULTS FOR DIFFERENT MASKING STRATEGIES

TABLE VIII
ABLATION RESULTS FOR THE OPTIMIZATION OBJECTIVE OF MIM

both SAM and SSIM losses have positive effects on the feature
learning process, and the proposed loss achieves the best
performance with an overall improvement of 0.2% and 1.1% in
OA on WHU-OHS and WHU-H2SR, respectively. As visually
presented in Fig. 9, the reconstruction images optimized by
the proposed loss can express more spatial details (see yellow
boxes for instance) as well as is closer to the original spectral
curves [Fig. 9(e)]. To sum up, the proposed spectral–spatial
consistency loss achieves both better reconstruction results and
downstream accuracies.

3) Effectiveness of 3D-FPN and MS-MFM: To verify the
effectiveness of the proposed 3D-FPN and MS-MFM, SSL
pretraining without using 3D-FPN, i.e., the output features
of the last encoder layer are directly input into a linear
layer for reconstruction [28], is taken as the baseline, whose
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Fig. 9. Visualization results of reconstruction with different loss functions of MIM. (a) Original image. (b) Masked image (visualized by setting the pixel
value of the masked patches to 0). (c) Reconstruction result using L1 loss. (d) Reconstruction result using the proposed spectral–spatial consistency loss.
(e) Comparison of spectral curves (pixels marked by red points).

TABLE IX
ABLATION RESULTS FOR THE 3D-FPN AND MS-MFM

performance is listed in the first line in Table IX. Also, the
momentum update for the target encoder in MS-MFM is
compared with the simple weight-sharing strategy (i.e., the
third line in Table IX). As shown in Table IX, when the net-
work is pretrained without 3D-FPN, the OAs on WHU-OHS
and WHU-H2SR are 82.2% and 75.9%, respectively. After
the proposed 3D-FPN is adopted, the accuracies in both
datasets are significantly raised, with an improvement of 1.9%
and 5.3%. It can be indicated that the proposed 3D-FPN
enables the network to fully exploit the features at each scale,
thus benefiting the downstream HSI classification task. The
introduction of MS-MFM task further facilitates the multiscale
feature extraction, leading to an increment of 0.7% and 2.6%
in OA for the two datasets. Compared to sharing weights
with online encoder, the momentum update process generates
the reconstruction targets with higher quality. In particular,
for WHU-H2SR dataset with a relatively smaller amount of

training data, it is more necessary to stabilize the training
process with the momentum update.

E. Sensitivity Analysis on Mask Ratio and Mask Size

For the MIM-based works, mask ratio and mask size
can influence the performance of both feature learning and
downstream task [27], [28]. Therefore, in this section, sen-
sitivity analysis on mask ratio and mask size is conducted.
The classification accuracies with different mask ratios, and
different mask sizes in spatial or spectral dimension, are shown
in Fig. 10.

As the mask ratio and mask size increase, the overall perfor-
mance on both datasets gradually increases at first. However,
too high mask size or mask ratio can have negative impacts
on the accuracy, which is mainly due to the large amount of
information loss preventing the effective feature learning. For
WHU-OHS dataset, as seen in Fig. 10(a)–10(c), the proposed
method consistently reaches a relatively high classification
accuracy with different mask ratios [with OA ranging from
84.3% to 84.8% in Fig. 10(a)] and mask sizes [with OA
ranging from 83.8% to 84.8% for different spatial mask sizes
in Fig. 10(b) and from 84.3% to 84.8% for different spectral
mask sizes in Fig. 10(c)]. One possible reason is that the spatial
resolution of the OHS images is relatively low (i.e., 10 m).
Even though the mask ratio or mask size is small, the masked
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Fig. 10. Classification accuracies with different mask ratios and mask sizes. (a)–(c) WHU-OHS dataset. (d)–(f) WHU-H2SR dataset. (a) and (d) Accuracies
with different mask ratios, where the mask sizes are fixed to 4 × 32 × 32 and 16 × 32 × 32 for WHU-OHS and WHU-H2SR, respectively. (b) and
(e) Accuracies with different mask sizes in spatial dimension, where the mask sizes in spectral dimension are fixed to 4 and 16, and the mask ratios are fixed
to 45% and 60% for WHU-OHS and WHU-H2SR. (c) and (f) Accuracies with different mask sizes in spectral dimension, where the mask size in spatial
dimension is fixed to 32 for both datasets.

patches are distant enough from neighboring visible patches,
enforcing the network to learn long-range connections [28].
In contrast, for WHU-H2SR dataset, the accuracy is seriously
degraded when the mask ratio or mask size is too low or too
high. The possible reasons can be summarized as follows.

1) In view of spatial information mining, the resolution
of WHU-H2SR image is high (i.e., 1 m). Therefore,
when the mask ratio [Fig. 10(d)] or the spatial mask
size [Fig. 10(e)] is too low, the masked parts can easily
be recovered using the neighboring pixels, which hinders
the high-level understanding of the images [27].

2) In view of spectral information representation, the large
number of bands makes it difficult for reconstruction of
the original spectral curves when the mask ratio or the
spectral mask size [Fig. 10(f)] is too high.

Nonetheless, the proposed S2HM2 performs well on WHU-
H2SR dataset with a wide range of mask ratios (45%–75%)
and mask sizes (16–64 in spatial dimension and 8–32 in
spectral dimension). According to the experimental results in
Fig. 10, the optimal mask ratio on WHU-OHS and WHU-
H2SR datasets is 45% and 60%, and the optimal mask size is
4 × 32 × 32 (i.e., four in spectral dimension and 32 in spatial
dimension) and 16 × 32 × 32, respectively.

F. Effects of the Amount of Data for Self-Supervised
Pretraining

As mentioned before, SSL can leverage large amount of
unlabeled data for feature learning. In this section, the effects

Fig. 11. Classification accuracies with different amount of pretraining data
(0% represents random initialization without pretraining).

of the data volume for SSL pretraining are investigated. Taking
WHU-OHS dataset as an example, we randomly select the
subset of the pretraining data with the ratio of 20%, 40%,
60%, and 80% to train the network, and the accuracies on
the downstream task are presented in Fig. 11. Compared with
random initialization, the proposed method can achieve an
increment of approximately 3% in OA even when only 20%
of the data are used for SSL pretraining. As the amount
of pretraining data increases, the classification accuracy is
gradually boosted. It can be predicted that the performance
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Fig. 12. Results of transferring to public hyperspectral datasets.

TABLE X
RESULTS OF TRANSFER LEARNING BETWEEN THE WHU-OHS AND

WHU-H2SR DATASETS

of the proposed S2HM2 will be further improved if the larger
volume of data is introduced for pretraining in the future.

G. Transferability of the Proposed Method

In this section, experiments of transfer learning are con-
ducted, to analyze the generalization ability of the proposed
S2HM2, given heterogeneous hyperspectral datasets for pre-
text task and downstream task. Experiments are divided into
two parts: transferring between WHU-OHS and WHU-H2SR
datasets, and transferring to other 14 public hyperspectral
datasets (introduced in Section IV-A).

1) Transferring Between WHU-OHS and WHU-H2SR
Datasets: In this experiment, images and labels in the
WHU-OHS dataset are utilized to fine-tune the model pre-
trained on WHU-H2SR dataset and vice versa.

The results in Table X demonstrate the transferability of the
proposed method. Compared with random initialization, the
accuracies of downstream task are improved when the model
is pretrained on either dataset. Specifically, after fine-tuning
the model pretrained on WHU-H2SR dataset, the OA on
WHU-OHS dataset is increased by 0.6%. When the model pre-
trained on WHU-OHS dataset is transferred to WHU-H2SR,

the OA is significantly boosted by 9.4% and even surpasses
pretraining and fine-tuning on WHU-H2SR itself by 0.6%.
It can be inferred that the data volume for SSL pretraining
has vital impacts on the model transferability. By virtue of
larger size and diversity of the WHU-OHS images, the model
pretrained on WHU-OHS dataset achieves better accuracies
than that pretrained on WHU-H2SR dataset.

2) Transferring to Other Public Hyperspectral Datasets:
Given the proposed S2HM2, the models pretrained on the
large-scale datasets are transferred to the 14 public hyperspec-
tral datasets. The training samples on each dataset are used to
fine-tune the model.

As illustrated in Fig. 12, the models pretrained on
large-scale hyperspectral datasets improve the downstream
performance on most target datasets. Specifically, when the
WHU-OHS dataset is used for pretraining, accuracies on
11 datasets (except for Indian Pines, Salinas, and KSC) out-
perform random initialization. When the WHU-H2SR dataset
is used for pretraining, accuracies on 12 datasets (except for
Indian Pines and Botswana) are higher than random initial-
ization. Therefore, the proposed S2HM2 exhibits promising
transferability.

Taking a closer look at the characteristics and results of each
dataset, the following factors could influence the performance
of transfer learning.

a) Spectral range: The wavelengths of spectral bands
for the two pretraining datasets are within the range of 400–
1000 nm, including visible and near-infrared (VNIR) regions
of the electromagnetic spectrum. Among the public hyper-
spectral datasets, Indian Pines, Salinas, KSC, and Botswana
cover the wavelengths from 400 to 2500 nm, which includes
VNIR and short-wave infrared (SWIR) regions and is the
spectral coverage for most of the airborne or spaceborne
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hyperspectral sensors [76]. The difference in spectral range
can partly explain the reason that the pretrained models may
not work well on these datasets. Therefore, it is suggested
to construct the hyperspectral dataset with the wavelengths
ranging from 400 to 2500 nm for pretraining, to increase the
robustness of models.

b) Spatial resolution: For hyperspectral datasets with the
spatial resolution close to WHU-H2SR (i.e., Pavia University,
Pavia Center, DFC2018, and Washington DC with the spatial
resolution close to 1 m), the model pretrained on WHU-H2SR
dataset outperforms that pretrained on WHU-OHS dataset.
Therefore, using data with similar spatial resolution for pre-
training is beneficial for the performance of downstream task.

c) Data size and diversity: The OHS images have
32 spectral bands with a spatial resolution of 10 m, which
are extremely different from these hyperspectral datasets.
However, the model pretrained on WHU-OHS dataset sig-
nificantly improves the downstream performance on most of
the datasets, with higher classification accuracies than WHU-
H2SR pretraining on about half of them. It can be indicated
that high data volume and data heterogeneity (i.e., 34 images
with different acquisition time and location for pretraining)
enable the model pretrained on WHU-OHS dataset to be more
adaptive to the domain differences, and therefore, the amount
and diversity of the pretraining data are important factors to
be considered in transfer learning.

V. CONCLUSION

In this article, an SSL framework based on S2HM2 has
been proposed for large-scale HSI classification. The proposed
spectral–spatial 3-D masking strategy and spectral–spatial con-
sistency loss jointly construct a better MIM task, facilitating
a more comprehensive understanding on the spectral–spatial
characteristics of HSI. The proposed hierarchical 3D-FPN
decoder can fully exploit the multiscale features that are
advantageous for HSI classification. In addition, the proposed
MS-MFM task reconstructs the encoding features at each scale
from the corresponding decoding features, further enhancing
the multiscale feature learning. The experimental results on
the two large-scale hyperspectral datasets, i.e., WHU-OHS
and WHU-H2SR, indicate that the proposed S2HM2 captures
effective representations from large amount of unlabeled data
and achieves the classification accuracies higher than exist-
ing supervised and SSL algorithms. Moreover, the proposed
method shows promising transferability on a variety of public
hyperspectral datasets. For future work, SSL with larger vol-
ume of HSI pretraining data and prompt learning to align more
downstream tasks (e.g., spectral unmixing, anomaly detection,
and crop yield estimation) are listed on the agenda, with
the aim of designing a foundation model in the field of
hyperspectral remote sensing.
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