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Abstract: Convolutional neural networks (CNNs) play an important role in hyperspectral image
(HSI) classification due to their powerful feature extraction ability. Multiscale information is an
important means of enhancing the feature representation ability. However, current HSI classification
models based on deep learning only use fixed patches as the network input, which may not well
reflect the complexity and richness of HSIs. While the existing methods achieve good classification
performance for large-scale scenes, the classification of boundary locations and small-scale scenes
is still challenging. In addition, dimensional dislocation often exists in the feature fusion process,
and the up/downsampling operation for feature alignment may introduce extra noise or result in
feature loss. Aiming at the above issues, this paper deeply explores multiscale features, proposes
an adaptive attention constraint fusion module for different scale features, and designs a semantic
feature enhancement module for high-dimensional features. First, HSI data of two different spatial
scales are fed into the model. For the two inputs, we upsample them using bilinear interpolation to
obtain their subpixel data. The proposed multiscale feature extraction module is intended to extract
the features of the above four parts of the data. For the extracted features, the multiscale attention
fusion module is used for feature fusion, and then, the fused features are fed into the high-level
feature semantic enhancement module. Finally, based on the fully connected layer and softmax layer,
the prediction results of the proposed model are obtained. Experimental results on four public HSI
databases verify that the proposed method outperforms several state-of-the-art methods.

Keywords: HSI classification; convolutional neural network (CNN); multiscale features; subpixel;
adaptive attention fusion; feature enhancement

1. Introduction

Hyperspectral images (HSIs) obtained by an imaging spectrometer provide detailed
spectral information for each pixel. Plentiful spectral signatures and spatial information
make it possible for HSIs to detect objects that cannot be detected in ordinary images [1]. In
recent years, the study of HSIs has become an important research direction in remote
sensing due to their unique properties and massive information. Among them, HSI
classification is a basic task that plays an important role in geological exploration [2,3], crop
detection [4,5], national defense [6–8], and military fields [9] and is worthy of further study.
The HSI classification task aims to use the prior information within the original data, such
as partially labeled samples, to determine the object categories of other pixels in the image
through learning [10,11].

Convolutional neural networks (CNNs), a part of the artificial intelligence research
field, are currently one of the most popular neural networks. With their special structure
with local connections and weight sharing, CNNs decrease model complexity and the

Remote Sens. 2022, 14, 3670. https://doi.org/10.3390/rs14153670 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs14153670
https://doi.org/10.3390/rs14153670
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-2689-0932
https://orcid.org/0000-0002-4761-4726
https://doi.org/10.3390/rs14153670
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14153670?type=check_update&version=3


Remote Sens. 2022, 14, 3670 2 of 26

number of weights and cleverly achieve effect that other models cannot achieve with a
small number of weights. It does not rely on a complex preprocessing process (extraction
of artificial features, etc.) and can directly feed the original data into the constructed model.
CNNs have demonstrated strong capabilities in several recent research fields, such as speech
recognition [12,13], image recognition [14–16], and image segmentation [17,18]. Although
these research fields are different, the feature extraction strategies can be summarized as
follows: CNNs can automatically learn features from data and generalize the results to the
same type of unknown data.

HSIs have the characteristics of high dual resolution, that is, high spectral resolution
and high spatial resolution. Naturally, an HSI is thought to be a data cube. The effective
utilization of spectral data and spatial neighborhood information of HSIs is the core to
obtain accurate classification results. The 3D convolution kernel simultaneously extracts
the hybrid spectral–spatial features of images, which are matched with the 3D features
of HSIs. Therefore, 3D CNNs have become one of the important components of deep
learning backbone networks in HSI classification [19]. Yu et al. [20] proposed an efficient
CNN classification model, which combines data augmentation and larger drop rates in the
dropout layers to effectively improve the classification performance of the model with lim-
ited training samples. Zhao et al. [21] proposed an HSI classification framework based on
multiple convolutional layer fusion, which fuses image information extracted from different
convolutional layers to enhance the feature representation of the model. Zheng et al. [22]
constructed a feature extraction model by mixing 2D and 3D CNNs and used the covariance
pooling technique to extract second-order information from the hybrid spectral–spatial fea-
ture map. Li et al. [23] proposed a data-driven joint spatial–spectral attention network that
captures the interdependence of land cover and spectral bands by embedding an attention
module in the network. Combined with improved triplet loss, Huang et al. [24] constructed
a lightweight convolutional neural network model to solve the problems of intra-class
diversity and inter-class similarity in HSIs. Gao et al. [25] presented an end-to-end hybrid
dilated residual network. Based on residual connections, the spectral and spatial feature
learning modules are constructed, respectively, and dilated convolution used in the spatial
feature learning module can expand the receptive field and reduce the number of param-
eters. In [26], stacked autoencoders are used for dimensionality reduction of HSIs, and
then 3D CNN and residual connection are combined to extract high-dimensional semantic
features of the image. To explore the deep learning HSI classification model with minimal
training samples, Huang et al. [27] combined an extended morphological profile, a Siamese
CNN, and spectral–spatial feature fusion to construct the network model, which achieved
good classification performance. Cai et al. [28] designed a densely connected convolutional
extreme learning machine for HSI spectral–spatial classification. Gao et al. [29] proposed
a spectral–spatial adaptive fusion network. This model can extract spectral and spatial
features pertinently and fuse them adaptively. The above methods only considered the
input information of a single scale, which may ignore some fine information and cannot
guarantee the discriminability of extracted features.

For CNNs, based on a larger receptive field, the large-scale convolution kernel extracts
more neighborhood information and spectral features. In addition, small-scale convolution
is more sensitive to details and better at processing boundary information. The introduction
of multiple scales can enhance the diversity of features and solve the limitation of a
single scale [30–32]. Yang et al. [33] extracted features from multiple input data cubes
of different scales according to the size difference of the objects to be classified. The
coordinate attention cube composed of coordinate information embedding and coordinate
attention generation is adopted to weight the high-dimensional features. Pu et al. [34]
proposed a multilevel feature extraction model with an attention mechanism. The proposed
attention module enhances the classification performance of the network by exciting or
suppressing spectral and spatial features. Zhang et al. [35] designed a random multiscale
convolutional network that uses a multiscale dimension reduction module to preprocess
data and feeds the data into the random multiscale convolutional module. The model
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considers the diversity of different regions of the HSI and extracts more abundant features.
Gao et al. [36] proposed a multiscale residual network. In this network, depthwise separable
convolution (DSC) is introduced, and mixed depth convolution (MDConv) is used to replace
ordinary depth convolution in DSC. Roy et al. [37] proposed an adaptive spectral–spatial
kernel residual network with an attention mechanism to learn a selective 3D convolution
kernel for HSI classification. An efficient feature recalibration mechanism is used to
better extract the nonlinear cross-channel correlation of feature mapping. Jia et al. [38]
proposed a lightweight classification network that connects multiple dual-scale convolution
modules and bichannel fusion modules to ensure the discrimination of extracted features.
Xie et al. [39] designed a multiscale dense convolutional network. In this model, patches of
multiple scales around pixels are extracted as the input of the network, and the features
of shallow and deep layers are fully fused through skip connections for classification.
Zhang et al. [40] designed a diverse region-based CNN model. This model utilizes inputs
based on different regions to extract contextual interaction features for better classification
performance. Lee et al. [41] designed a context depth CNN that better explores the local
context interaction by jointly using the spectral–spatial relationship of neighborhood pixels.
Cheng et al. [42] proposed a multiscale HSI classification model, which uses different
spatial scales of image patches as the model inputs and extracts spectral and spatial features
respectively by CNN and recurrent neural network (RNN). Sun et al. [43] grouped the
spectral bands of hyperspectral data through correlation matrix and extracted the spectral
and spatial features of each group of data, respectively. Wang et al. [44] designed an
adaptive spectral–spatial multiscale feature extraction network. The network consists of
spectral and spatial feature extraction subnetworks, and a convolutional long short-term
memory (ConvLSTM) model is introduced to obtain context features. Multiscale inputs
provide more options for the network model. Through learning, the network can assign
weights to the input information of different spatial scales, which greatly reduces the lack
of information caused by a too small input spatial scale and the interference information
caused by a too large spatial scale. The introduction of the multiscale idea can solve the
limitation of a single scale, the extracted features are richer, and the representation ability
is stronger.

In recent years, the computer vision field has developed rapidly, and many excellent
neural network models have been proposed by researchers. However, the current methods
are still insufficient to study the information distribution within the data. The contributions
of each element in the data or feature map to the final performance of the model are different,
and the attention mechanism effectively solves the problem of information allocation [45].
In deep neural networks, attention mechanisms allocate more weight to the important
parts and less weight to the unimportant parts. Visual attention is divided into several
types, and its core idea is to explore correlations within data or features and then highlight
more significant features, including channel attention [46], spatial attention [47], hybrid
domain attention [48,49], nonlocal attention [50], and position attention [51]. Due to the
high resolution of HSIs in spectral and spatial dimensions, the classification process is
easily disturbed by noise and redundant information. Therefore, an attention mechanism is
introduced into the classification model to improve the effectiveness of the data or features,
thus enhancing the classification performance. Feng et al. [52] proposed an attention
multibranch CNN model based on an adaptive regional search. This method adaptively
searches different spatial scales according to the specific distribution of samples and feeds
the features of different scales into different branches. In addition, the authors designed a
branch attention mechanism to enhance the more discriminative network branch. In [53], a
second-order pooling network combining an attention mechanism was proposed. In this
method, the first-order discriminative operator is performed to extract the spectral–spatial
information of the HSI, and a second-order discriminative operator is designed to model
discriminative and representative features based on attention. To solve the insufficient
information utilization problems of HSIs, Gao et al. [54] proposed a densely connected
multiscale network with an attention mechanism. By introducing the attention module,
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the method can further extract the fusion features of the channel and spectral and spatial
dimensions, which makes an important contribution to improving the model performance.
Combined with the spectral spatial attention mechanism, Guo et al. [55] designed a feature-
grouped network. After spectral and spatial attention processing, the generated feature
maps are divided into a series of groups along the spectral band direction, and each
group extracts features through multiple spectral and spatial residual blocks. Yu et al. [56]
designed a spatial–spectral dense CNN framework. The framework follows a compact
connection mode to assemble spectral–spatial features, uses two independent dense CNN
networks to extract sufficient information, and introduces a band attention module to
enhance the feature representation. In [57], an attention-aided CNN model for HSIs was
designed. In the method, the spectral and spatial features of the HSIs are separately
extracted by two branches. Combined with the attention module, the network pays more
attention to the discriminative channels or positions. In [58], a residual spectral–spatial
attention network was designed. The input features of the network are first weighted
by spectral and spatial attention. Then, further feature extraction is carried out through
convolutional networks with residual connections. In general, the introduction of an
attention mechanism brings additional performance improvement to the model. For data
or feature maps, the attention mechanism can “take the essence and discard the dregs”,
and the extracted high-level semantic features are highly discriminative. However, notably,
the attention mechanism is a weighted mode and an auxiliary functional module, and the
model performance mainly depends on the information representation capability of the
whole network architecture.

Most of the above deep learning-based HSI classification models contain feature fusion
processes, such as using concatenation or addition for the fusion of feature maps at different
scales or levels. The information of fused features is more abundant, which is helpful to
the classification performance of HSIs. However, the premise of feature fusion using
concatenation is that the feature maps should have the same shape in the fusion dimension,
while addition requires that the shape of the feature maps be completely consistent. The
existing methods mainly depend on the following approaches to fuse feature maps with
different scales. In [33,39,56], the small-scale feature maps are upsampled to obtain the
same scale as the large-scale feature maps for fusion. In general, the scale of the image
changes after convolution. For the same input, the feature scale is reduced more after
using a large convolution kernel. When small convolution kernels are used in [34], stride
is introduced to ensure the scale consistency of feature maps after multiscale feature
extraction. In addition, Lee et al. [41] and Feng et al. [52] used pooling to align feature
maps. In the upsampling-based fusion methods, new elements are inserted between the
pixels of the original feature to increase the scale of the feature map. New elements inserted
in the upsampling process are generated based on existing elements, but these are still not
actual information. Therefore, this operation introduces noise to the feature maps. For the
downsampling, stride, and pooling methods, the feature map loses information, resulting
in the restriction of subsequent classification tasks.

Inspired by the above methods, this paper proposes a subpixel multilevel scale feature
learning and adaptive attention constraint fusion (SMS-AACF) to explore the HSI classifica-
tion task. The SMS-AACF model is mainly composed of three parts, namely, a multilevel
scale feature learning module, an adaptive attention constraint fusion module, and a high-
level feature semantic enhancement module. There are three-level multiscale strategies
in our proposed first module. After principal component analysis (PCA) dimensional
reduction, image cubes with two different spatial scales are fed into the neural network.
Then, the image cubes of the two scales are processed by interpolation upsampling to obtain
their subpixel image cubes. For two original image cubes and their corresponding subpixel
cubes, a total of four data cubes are fed into the multiscale feature extraction module. For
the multiscale feature attention fusion module, we sampled the small-scale feature map to
the same scale as the large-scale feature map and then fused the two feature maps through
concatenation. After fusion, the attention weight of the fusion feature map in the spectral
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and spatial dimensions is obtained through pooling, convolution, batch normalization, and
the sigmoid function. After 1 × 1 convolution for dimension reduction, the two feature
maps before fusion are weighted by an attention matrix, and then, the two feature maps
are added point by point. Finally, we re-extracted the high-dimensional semantic features
through different scale convolution kernels, which is an extension and enhancement of the
original features.

The main contributions of this article are as follows.

(1) We propose a subpixel multilevel scale feature learning and adaptive attention con-
straint fusion method for HSI classification. The main advantages of our proposed
method lie in its strong spectral–spatial feature learning ability, good discrimination
of extracted features, and strong model generalization ability. Compared with the
existing methods, the proposed method achieves good classification accuracy.

(2) The proposed method further mines the scale information and explores the effective-
ness of multiscale information in HSI classification tasks from three levels. Firstly,
different spatial scale inputs provide more choices for spatial scale learning of model.
Secondly, the subpixel operation can greatly reduce the influence of different cate-
gories of pixels and significantly improve the classification performance of boundary
locations and small-scale scenes. Finally, multiscale convolution can make the model
adapt to different categories of input samples in different scenes.

(3) For the fusion of feature maps at different scales, we propose an adaptive attention
constraint fusion method. This method solves problems such as feature loss and noise
in the fusion process.

(4) A high-dimensional feature semantic enhancement module is designed, which can be
easily inserted into a network model. Through further multiscale feature extraction to
improve the semantic representation of the existing feature map, and the proposed
method can obtain better classification results.

The remaining sections of this article are organized as follows. Section 2 introduces
the motivation and the proposed method. Section 3 evaluates the effectiveness of the
proposed method on real HSI datasets. Finally, Section 4 summarizes this article and
suggests future work.

2. Motivation and Approach
2.1. Overall Architecture

In view of the problems in the existing deep learning-based HSI classification methods,
this paper further explores the application of multiscale information and combines it with
the attention mechanism, as shown in Figure 1. Because an HSI contains much noise and
redundant information, it introduces much interference in the subsequent feature extraction.
Therefore, we first process the original HSI through PCA. On the one hand, this reduces the
interference of noise and redundant information. On the other hand, this compresses the
spectral dimension of the data, thus reducing the amount of computation. Notably, PCA
dimension reduction causes spectral information loss to some extent. After PCA processing,
data are less affected by noise and redundant information, and the separability of data
is improved. PCA dimension reduction makes it easier for the model to extract features
with sufficient discriminative ability. Therefore, we believe that it is worth improving the
performance at the expense of a small amount of spectral information.

In the proposed method, the image processed by PCA is divided into image cubes
with the set window size and all spectral information. Based on the above image cubes L,
the corresponding image cubes S with small spatial scale are generated. Therefore, based on
the input image cubes S and L of two different scales, the branch structure of the model is
naturally divided into upper and lower parts in Figure 1, where S represents the small-scale
input and L represents the large-scale input. For image cube S, S1 is the subpixel cube
obtained after upsampling by interpolation. After S and S1 are fed into the multiscale
feature learning module (MSFL), the adaptive attention constraint fusion module (AACF)
is used for feature fusion to obtain feature F1. Similarly, for image cube L, feature map
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F2 is obtained through the same process as S. We introduce the selection of the scale of
the feature maps mentioned above in detail in Section 3.3.4. For F1 and F2, AACF is used
for fusion to obtain high-dimensional semantic feature F. Then, F is fed into the proposed
high-dimensional feature semantic enhancement module (HFSE) for postprocessing; that
is, the whole feature extraction process is completed. Finally, the feature map after HFSE
treatment is classified through two fully connected layers and one softmax layer.
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Figure 1. The structure of the proposed method. MSFL denotes the multiscale feature learning
module, AACF denotes the adaptive attention constraint fusion module, and HFSE denotes the
high-level feature semantic enhancement module. After PCA dimension reduction, two different
scales of pixel neighborhood are selected to form S and L; S and L are learned by the upper and lower
parts of the network, and then fused by AACF.

Next, we introduce the proposed network model in detail in three parts: subpixel
multilevel scale feature learning, adaptive attention constraint fusion, and semantic
feature enhancement.

2.2. Subpixel Multilevel Scale Feature Learning
2.2.1. Multiscale Inputs

In the classification of HSIs, the spatial neighborhood information of the center pixel of
an image cube is an important basis for extracting discriminative features. However, HSIs
have the “same spectral, different material” characteristics and “same material, different
spectral” characteristics. An image cube with too large of a selected spatial scale introduces
too much interference information. In contrast, if we choose an image cube with a spatial
scale that is too small, the neighborhood information is insufficient, resulting in poor
classification performance. Most HSI classification methods only use fixed-scale image
cubes as input into deep learning models. For the single-scale feature input, the convolution
kernel only extracts the image features at the current scale in the moving process but cannot
extract the information outside the m × m neighborhood of the pixel in the HSI, where m
is the spatial scale of the selected image cube. Therefore, model performance is sensitive
to the selected domain size. In terms of scale selection, the idea of multiscale input is
introduced in our proposed method as follows.

The proposed module is a double-input single-output model. Specifically, for each
HSI pixel, we take the center pixel and its spatial neighborhood with size m × m as well
as all spectral bands d of the pixel to represent the large-scale spectral–spatial information
of the pixel. Based on the m × m × d image cubes constructed above, we then select the
spatial neighborhood of n × n based on the central pixel to form the small-scale image
cubes of n × n × d, where n < m. Two inputs of different scales are fed into the network
model in parallel.
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2.2.2. Subpixel Operation

In HSI datasets, the image cubes formed by the center and neighborhood pixels
basically belong to the same category. Therefore, large-scale convolutional kernels can
extract richer neighborhood information, and small convolution kernels can extract the
detailed information of the image. For boundary pixels or small target areas, large-scale
convolution will introduce interference from other categories or background pixels, and
the advantages of small-scale convolution are reflected at this moment. In addition, the
smallest convolution (3 × 3) that can extract neighborhood information still introduces
interference information to a boundary with a large difference or an area with very small
pixels (consisting of only a dozen pixels). Based on this problem, subpixel processing of
image cubes is proposed in this paper, as shown in Figure 2.
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We select a pixel at the edge of the category and its 5 × 5 neighborhood information
to represent a training sample in Salinas and Pavia Center datasets, respectively, as an
example. In Figure 2a,c, the two pixels in red boxes of the same category label as the center
pixel contain real sample information of other categories after 3 × 3 convolution, which
will seriously affect the accuracy of subsequent feature extraction. After upsampling the
input data (Figure 2b,d), the above two samples and their neighborhoods contain four parts
of information: (1) neighborhood samples of the same category, (2) new samples generated
from the same category of samples, (3) new samples generated from the same and different
categories of samples, and (4) new samples generated from different categories of samples.

In the process of layer-by-layer convolution, the model can adjust parameters through
back propagation to better fit the data characteristics. However, if there is a large amount
of information different from the target category in the extracted feature maps, it is difficult
to extract accurate features from the model. In Figure 2, for the above regions (1), (2),
and (4), the model can distinguish these parts of information well in the learning process,
regardless of whether upsampling is performed. For the adjacent boundary position of the
two categories, the real information of other categories of pixels will be introduced in a large
probability after convolution, resulting in serious interference with the extracted features.
After upsampling, we can obtain a connected area ((3) of the above regions) composed of
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new pixels generated by the target category and other category pixels, which is called the
boundary protection area. This area is composed of pixels of the same category as the center
pixel and pixels of other categories, which can separate the sample boundaries of different
categories, such as the yellow area in Figure 2b,d. At this point, in the boundary target
category sample of 3× 3 convolution, the 3× 3 neighborhood of the target category sample
contains the same category of samples and the generated boundary protection area samples.
When un-upsampled image cubes are convolved at corresponding positions, extracted
features must contain other categories of samples. After upsampling, other categories
of samples that 3 × 3 convolution should contain at this position are replaced by pixels
of the boundary protection area. This area weakens the influence of other samples and
increases the weight of samples of the same category. Compared with the samples at the
corresponding position without upsampling, this method can greatly weaken the influence
of other categories of samples. After the convolution operation, the characteristics of the
corresponding position are closer to the target sample, which can provide sufficient correct
information for the subsequent convolution layer. Therefore, for input image cubes of two
different spatial scales, we use the bilinear interpolation upsampling method to obtain their
corresponding subpixels. Directly upsampling the input image cube can reduce the pixel
difference in the boundary and the interclass interference in a small target scene.

2.2.3. Multiscale Feature Extraction

Based on Sections 2.2.1 and 2.2.2, we adapt the multiscale method for feature extrac-
tion. For the two scales of input image cubes in Section 2.2.1, there are four scales of image
cubes after the subpixel operation in Section 2.2.2. We carry out feature extraction of the
above four parts of the data through the multiscale feature extraction module in Figure 3. In
this module, a three-branch network is constructed by using different scales of convolution
kernels, and different numbers of convolutional layers are chosen in each branch. Specifi-
cally, the first branch uses 16 of the 7 × 7 × 7 convolution kernels. The second branch uses
16 of the 5 × 5 × 5 convolution kernels and 32 of the 3 × 3 × 3 convolution kernels. The
third branch successively adopts 16, 32, and 64 convolution kernels with scales of 3 × 3 × 3.
Note that the first convolution in each branch of the module uses different scales of the
convolution kernel. The convolution of different receptive fields can better extract different
neighborhood information from the image. The three branches of this module use different
levels of convolutional layers. Through concatenate fusion of extracted features of the three
branches, the fusion features contain different levels of semantic information from shallow
to deep, with richer information and stronger representation ability.
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2.3. Adaptive Attention Constraint Fusion

This paper designs an adaptive attention constraint fusion module in Figure 4 that
enriches the semantic information of the fused features in a learnable way and enhances its
discrimination. From another point of view, the proposed method modifies the upsampled
small-scale feature map through a determined feature map (large-scale feature map) and
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adjusts and constrains its internal feature distribution to reduce the noise caused by the
upsampling process. The computation equation of the fusion module is as follows:

M = σ(E(ϕ(I, I′))× E′(ϕ(I, I′))), (1)

Out = I ×M + I′ ×M, (2)

where M is the extracted attention weight matrix; σ indicates the compressed 1 × 1 con-
volution of the weight matrix; E and E′ represent the pooling process, 1 × 1 convolution,
batch normalization, and the sigmoid activation function operation in the spectral and
spatial weight generation branches; ϕ represents concatenation; and Out is the output of
the fusion module. For the feature maps I ∈ Rd×H×W and I′ ∈ Rd×H′×W′ of two different
spatial scales, assuming H > H′ and W > W′, we first process the small-scale feature maps
through bilinear interpolation upsampling to align the spatial scales of the two feature
maps and then fuse the two features by concatenation, where H and W indicate the spatial
scale of the feature map and d is the spectral shape. The fused features are processed by
pooling, convolution, batch normalization, and the sigmoid activation function. This is a
two-branch structure: one branch learns the spatial attention weight, and the other branch
learns the spectral attention weight. After multiplying the two weights, 1 × 1 convolution
is used for channel compression. Finally, the weight matrix is weighted and then added to
the two feature maps for adaptive multiscale feature attention fusion.
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2.4. High-Level Feature Semantic Enhancement Module

In the HSI classification task, the extracted high-dimensional semantic features are
generally considered to have good discrimination ability based on the constructed network
model. However, higher dimensional semantic features can be further mined to enhance
their representational ability in some cases.

A postprocessing-based attention mechanism is an effective way to enhance high-
dimensional semantic features. In this paper, the high-dimensional feature semantic en-
hancement module is proposed, which can be regarded as a postprocessing attention
mechanism. Through this module, the extracted features have stronger discrimination,
and the classification performance is further improved. The flowchart of the enhancement
module is shown in Figure 5, and the computation equation of the enhancement module is
as follows:

Out′ = B1 + B2 × F(B3, B4, B5), (3)

where Out′ represents the output of the feature enhancement module; B1, B2, B3, B4, and
B5 are outputs of the five branches of the network from top to bottom; and F indicates
the concatenation and convolution processes for the output of the bottom three branches.
The proposed high-dimensional feature semantic enhancement module has a multibranch
structure, including a backbone branch, a channel attention branch, and three information
supplement branches for mining multiscale information. In the backbone branch, we only
use one layer of 1 × 1 convolution to further extract the spectral information. For the
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channel attention branch, feature maps are compressed to one dimension in the spatial
scale through average pooling after 1 × 1 convolution and batch normalization; that is, a
vector with the same channel scale is used as the input of the backbone branch. The vector
represents the spectral distribution of the feature map. The three information supplement
branches are first processed through a 1× 1 convolution, and then 3× 3× 3, 5× 5× 5, and
7× 7× 7 convolutions, and the corresponding batch normalization are used in each branch
for multiscale feature extraction. After that, the sigmoid activation function is chosen to
constrain the value of the three branches between 0 and 1. At this time, the features of the
three branches have the feature representation weights of different scales of the feature
map. Next, the information of the three branches is fused through concatenation, and then,
the channel dimension is compressed to the same dimension as the feature maps in the first
and second branches using a 1 × 1 convolution. Finally, the fused feature is multiplied by
the feature map in the second branch and added to the feature map in the first branch.
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3. Experimental Results
3.1. Dataset Description

Four real-world HSI datasets, Pavia University (PU) [59], Pavia Center (PC) [59],
Salians (SA) [59], and Huston University (HU) [60], are considered to evaluate our proposed
model. In the following, we describe the four datasets in detail. For PU, PC, and SA, 1% of
the samples are selected for training, the other 1% for validation, and the remaining 98%
for testing. For HU, 3% of the samples are selected for training, the other 3% for validation,
and the remaining 94% for testing. The color of each category in the classification maps
and the training validation and testing sample numbers are shown in Tables 1–4.

Table 1. Training validation and testing sample numbers in PU.

No. Class Name Train Val Test Total

1 Asphalt 66 66 6499 6631

2 Meadows 186 186 18,277 18,649

3 Gravel 21 21 2057 2099

4 Trees 31 31 3002 3064

5 Painted metal sheets 13 13 1319 1345

6 Bare Soil 50 50 4929 5029

7 Bitumen 13 13 1304 1330

8 Self-Blocking Bricks 37 37 3608 3682

9 Shadows 9 9 929 947

Total 426 426 41,924 42,776
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Table 2. Training validation and testing sample numbers in PC.

No. Class Name Train Val Test Total

1 Water 659 659 64,653 65,971

2 Trees 76 76 7446 7598

3 Asphalt 31 31 3028 3090

4 Self-Blocking Bricks 27 27 2631 2685

5 Bitumen 66 66 6452 6584

6 Tiles 92 92 9064 9248

7 Shadows 73 73 7141 7287

8 Meadows 428 428 41,970 42,826

9 Bare Soil 29 29 2805 2863

Total 1481 1481 145,190 148,152

Table 3. Training validation and testing sample numbers in SA.

No. Class Name Train Val Test Total

1 Brocoli_green_weeds_1 20 20 1969 2009

2 Brocoli_green_weeds_2 37 37 3652 3726

3 Fallow 20 20 1936 1976

4 Fallow_rough_plow 14 14 1366 1394

5 Fallow_smooth 27 27 2624 2678

6 Stubble 40 40 3879 3959

7 Celery 36 36 3507 3579

8 Grapes_untrained 113 113 11,045 11,271

9 Soil_vinyard_develop 62 62 6079 6203

10 Corn_senesced_green_weeds 33 33 3212 3278

11 Lettuce_romaine_4wk 11 11 1046 1068

12 Lettuce_romaine_5wk 19 19 1889 1927

13 Lettuce_romaine_6wk 9 9 898 916

14 Lettuce_romaine_7wk 11 11 1048 1070

15 Vinyard_untrained 73 73 7122 7268

16 Vinyard_vertical_trellis 18 18 1771 1807

Total 543 543 53,043 54,129

The PU dataset was collected in 2001 by the ROSIS sensor over Pavia University,
Italy. The dataset comprises 610 × 340 pixels with a spatial resolution of 1.3 m. There
are 103 bands in the wavelength range from 0.43 to 0.86 µm and nine distinguishable
class labels.

The PC dataset was gathered in 1998 by an AVIRIS sensor in SA Valley, CA, USA. The
dataset comprises 1096 × 715 pixels with a spatial resolution of 1.3 m. There are 102 bands
in the wavelength range from 0.43 to 0.86 µm and nine distinguishable class labels.

The SA dataset was gathered in 1998 by AVIRIS in SA Valley, CA, USA. The dataset
comprises 512 × 217 pixels with a spatial resolution of 3.7 m. There are 224 bands in the
wavelength range from 0.4 to 2.5 µm and 16 distinguishable class labels.

The HU dataset was released in the 2013 IEEE GRSS Fusion Contest. The HU dataset
is a more challenging task that was captured by the National Center for Airborne Laser
Mapping (MCALM) over the HU campus. The dataset comprises 349 × 1905 pixels with
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a spatial resolution of 2.5 m. There are 144 bands in the wavelength range from 0.36 to
1.05 µm and 15 complex land-cover classes.

Table 4. Training validation and testing sample numbers in HU.

No. Class Name Train Val Test Total

1 Healthy grass 38 38 1175 1251

2 Stressed grass 38 38 1178 1254

3 Synthetic grass 21 21 655 697

4 Trees 37 37 1170 1244

5 Soil 37 37 1168 1242

6 Water 10 10 305 325

7 Residential 38 38 1192 1268

8 Commercial 37 37 1170 1244

9 Road 38 38 1176 1252

10 Highway 37 37 1153 1227

11 Railway 37 37 1161 1235

12 Parking Lot 1 37 37 1159 1233

13 Parking Lot 2 14 14 441 469

14 Tennis Court 13 13 402 428

15 Running Track 20 20 620 660

Total 452 452 14,125 15,029

3.2. Experimental Setup

To verify the superiority of our proposed model, some related methods are selected
for comparison, including SVM, CDCNN, SSRN, FDSSC, HybridSN, DBDM, and MCNN.
The details of the compared methods are described as follows:

(1) SVM: This is a method that relies only on spectral information and uses a SVM as
a classifier.

(2) CDCNN: In this method, a 2D CNN at different scales is used to extract multiscale
features, and then, high-dimensional semantic features are obtained by combining
a 1 × 1 convolution and residual connection. In addition, image cubes with a size of
5 × 5 × L are selected as the model input. L represents the number of spectral bands
of the image cube [41].

(3) SSRN: It is a classification network composed of spectral and spatial feature learning
modules in parallel. Combined with residual connections, spectral features are ex-
tracted by a 1 × 1 convolution, and spatial features are extracted by a 3D convolution.
Image cubes with a size of 7 × 7 × L are selected as the model input [32].

(4) FDSSC: It is a densely connected spectral–spatial feature extraction classification network,
where the spectral and spatial features are separately extracted by a 1 × 1 convolution
and 3D convolution. In this method, image cubes with a spatial scale of 9 × 9 × L are
selected as model inputs [30].

(5) HybridSN: HybridSN is a single branch network that combines 3D convolution and
2D convolution, where 25 × 25 × L spatial scale image cubes are selected as model
inputs [31].

(6) DBMA: This is a two-branch network model that extracts spectral and spatial features
from two branches. Then, the features extracted from the two branches are weighted
by channel attention and spatial attention. In this method, image cubes with a spatial
scale of 7 × 7 × L are selected as model inputs [45].
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(7) MCNN: This is an improved method of (5). Based on the backbone network of (5), the
covariance pooling technique is used to extract the second-order feature information.
In this method, 11× 11× L spatial scale image cubes are selected as model inputs [22].

The seven compared methods include traditional methods and deep learning methods
in the feature learning level, single-scale and multiscale methods in the data or feature
scale level, single branch and multibranch in the branch strategy, and single and hybrid
spectral–spatial feature extraction in the feature extraction method. The above compared
methods make a more comprehensive comparison of the proposed method to prove its
effectiveness in multiple dimensions.

In our experiment, the learning rate and the batch size are set to 0.0005 and 32,
respectively, during stochastic gradient decent training, and the training epoch is set as 80.
In addition, we determine cross entropy as the loss function. After PCA dimensionality
reduction, the number of bands in PU, PC, SA, and HU are reduced to 15, 15, 15, and 12,
respectively. All the experiments are repeated 10 times, and the average of 1- experiments
is given as a result. The experimental environments of the proposed method are all
implemented in the Python operating language, using an Intel i7-9700 CPU and an NVIDIA
GeForce RTX 2080ti GPU.

3.3. Classification Results

In this part, we provide quantitative and qualitative evaluations to verify the effec-
tiveness of our proposed method and evaluate the method by the following classification
metrics: overall accuracy (OA), average accuracy (AA), and kappa coefficient (KA).

3.3.1. Quantitative Analysis

Tables 5–8 present the quantitative results of the proposed method and comparison
methods on the four datasets. Overall, the proposed method outperforms all of the com-
pared methods in terms of OA, AA, and KA on the four datasets. For the seven comparison
methods, the SVM and CDCNN obtain the weakest classification performance on the
four datasets. Compared with those of the SVM and CDCNN, the performances of SSRN,
HybridSN, DBMA, and MCNN are significantly improved but slightly lower than the
performance of FDSSC.

Table 5. Classification results of different models on the PU dataset.

Class Name SVM CDCNN
[41]

SSRN
[32]

FDSSC
[30]

Hybrid
SN [31]

DBMA
[45]

MCNN
[22] Proposed

Asphalt 84.65 90.21 98.90 99.44 95.76 96.50 97.75 98.46
Meadows 92.57 94.66 98.23 99.45 98.73 98.72 99.43 100

Gravel 74.94 64.95 98.93 99.52 85.03 100 93.83 97.55
Trees 70.53 97.24 99.64 97.61 97.83 97.85 88.84 90.80

Painted metal sheets 90.19 98.36 99.70 99.70 99.70 99.25 98.94 100
Bare Soil 66.41 93.11 98.62 98.50 99.82 99.15 95.50 99.42
Bitumen 78.87 96.88 94.25 100 89.09 96.97 93.33 99.85

Self-Blocking Bricks 83.84 88.98 84.91 80.08 88.47 83.23 90.94 97.20
Shadows 98.94 99.17 99.78 99.89 98.62 100 97.73 98.19

OA(%) 84.71 91.88 97.12 97.19 96.38 96.85 96.70 98.63
AA(%) 82.33 91.51 96.99 97.13 94.78 96.85 95.14 97.94
KA(%) 79.45 89.15 96.17 96.27 95.19 95.81 95.61 98.18

An HSI is an “image cube” that integrates not only spectral information, but also
spatial features. The SVM classifier only considers the spectral information of pixels.
Limited by the lack of neighborhood spatial information, the model cannot obtain suffi-
cient discriminative features. In addition, classification based on spectral information
alone is easily influenced by the “same materials, different objects” and “same objects,
different materials” phenomena in the HSIs. Therefore, the classification performance of
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the SVM is the weakest, and the OAs on PU, PC, SA, and HU are 84.71%, 97.04%, 86.89%,
and 80.03%, respectively.

Table 6. Classification results of different models on the PC dataset.

Class Name SVM CDCNN
[41]

SSRN
[32]

FDSSC
[30]

Hybrid
SN [31]

DBMA
[45]

MCNN
[22] Proposed

Water 99.84 100 100 100 100 100 100 100
Trees 89.43 90.45 98.89 98.29 93.07 99.93 95.35 97.82

Asphalt 83.88 91.36 87.04 90.25 97.78 63.16 95.28 99.74
Self-Blocking Bricks 62.35 79.29 71.05 94.98 99.89 82.61 99.58 99.96

Bitumen 96.04 92.33 99.83 99.67 98.64 97.62 93.61 98.60
Tiles 92.41 96.47 99.33 98.40 99.32 98.16 97.02 99.41

Shadows 89.60 94.65 97.67 100 96.41 98.91 98.11 99.54
Meadows 99.44 99.81 99.97 99.99 99.75 99.94 99.64 99.72
Bare Soil 99.97 99.11 99.89 96.82 88.71 99.54 90.02 93.15

OA(%) 97.04 98.04 98.73 99.42 99.04 98.13 98.79 99.55
AA(%) 90.33 93.72 94.85 97.60 97.09 93.32 96.51 98.66
KA(%) 95.81 97.22 98.20 99.18 98.64 97.36 98.29 99.36

Table 7. Classification result of different methods on the SA dataset.

Class Name SVM CDCNN
[41]

SSRN
[32]

FDSSC
[30]

Hybrid
SN [31]

DBMA
[45]

MCNN
[22] Proposed

Brocoli_green_weeds_1 99.10 64.11 99.95 100 98.42 100 100 100
Brocoli_green_weeds_2 97.61 99.92 99.97 100 99.97 99.92 100 100

Fallow 98.18 95.48 99.83 98.38 100 100 100 100
Fallow_rough_plow 97.20 94.00 96.37 94.45 95.50 97.47 99.78 100

Fallow_smooth 96.64 93.40 93.48 99.92 88.23 81.79 95.54 99.74
Stubble 98.41 99.01 100 99.97 100 100 99.97 99.97
Celery 99.16 99.07 100 99.91 99.69 100 100 100

Grapes_untrained 73.29 96.75 78.06 98.40 98.77 89.38 99.38 100
Soil_vinyard_develop 98.21 99.84 99.77 100 99.84 99.61 99.97 99.66

Corn_senesced_green_weeds 79.77 82.52 97.96 92.41 99.63 96.43 99.00 99.38
Lettuce_romaine_4wk 92.79 92.64 100 100 100 99.24 97.90 99.15
Lettuce_romaine_5wk 97.30 99.63 99.89 100 100 99.95 99.31 100
Lettuce_romaine_6wk 97.27 97.56 96.87 100 99.55 100 92.20 99.12
Lettuce_romaine_7wk 69.81 98.85 99.41 98.48 98.78 95.74 99.62 99.34

Vinyard_untrained 67.47 41.64 98.82 97.31 96.38 98.06 87.41 97.82
Vinyard_vertical_trellis 94.19 98.87 100 99.09 100 99.88 99.60 100

OA(%) 86.89 76.84 93.43 98.52 98.33 95.86 97.67 99.57
AA(%) 91.03 90.83 97.52 98.65 98.42 97.34 98.11 99.64
KA(%) 85.37 74.63 92.65 98.36 98.15 95.38 97.40 99.52

At present, most deep learning-based HSI classification methods combine the spectral
and spatial information of images and achieve significant performance improvement. Al-
though CDCNN considers both spectral and spatial information of images, its classification
model is relatively simple. In addition to using different scale convolutions for multiscale
feature extraction at the front end of the model, the subsequent model is composed of
a 1 × 1 convolution. Only relying on a parallel single-layer multiscale feature extraction
strategy to mine the global spatial information of the image is insufficient for HSIs with
considerable noise and redundant information. Compared with SVM, the classification
performances of CDCNN on PU, PC, and HU are improved by 7.17%, 1%, and 4.16%,
respectively, in terms of the OA. Because different categories of ground objects in SA are
concentrated, most pixel neighborhoods are consistent with the central pixel category.
Therefore, exploiting spatial information is an effective way to classify the dataset. How-
ever, there are a large number of 1 × 1 convolutions in the CDCNN network, which leads
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to the poor classification performance of SA. Among them, the OA and KA are both lower
than those of the SVM, and only the AA is close to that of the SVM.

Table 8. Classification result of different methods on the HU dataset.

Class Name SVM CDCNN
[41]

SSRN
[32]

FDSSC
[30]

Hybrid
SN [31]

DBMA
[45]

MCNN
[22] Proposed

Healthy grass 85.61 85.94 95.15 93.16 98.43 98.11 96.43 98.93
Stressed grass 93.30 93.43 98.43 98.72 98.03 98.98 97.28 100
Synthetic grass 97.70 97.95 99.54 100 99.41 100 99.85 99.85

Trees 98.79 96.65 95.94 100 90.72 97.88 92.65 98.76
Soil 98.15 93.55 92.07 99.83 100 93.20 100 100

Water 82.15 99.22 100 100 90.48 100 95.08 98.41
Residential 82.65 89.52 91.79 90.43 82.85 92.92 94.88 97.64
Commercial 52.65 96.73 93.38 96.95 72.91 95.35 92.39 91.63

Road 77.64 60.40 84.42 92.34 87.08 94.12 87.52 96.13
Highway 86.72 75.64 97.34 99.14 99.66 89.09 97.66 99.41
Railway 66.00 72.28 87.20 98.98 95.49 96.15 98.11 99.58

Parking Lot 1 44.77 78.80 92.75 97.48 82.27 86.57 97.15 95.57
Parking Lot 2 55.86 91.57 83.20 74.56 81.32 88.31 88.66 95.82
Tennis Court 98.60 86.88 99.25 100 100 92.68 100 100

Running Track 97.27 94.01 97.47 98.40 100 95.21 100 100

OA(%) 80.30 84.46 93.22 96.10 91.50 94.32 95.72 97.94
AA(%) 81.19 87.50 93.86 96.00 91.91 94.57 95.84 97.77
KA(%) 78.72 83.20 92.67 95.78 90.81 93.86 95.37 98.08

The feature extraction abilities of SSRN, FDSSC, and HybridSN are based on the
spectral and spatial information of the HSIs. Both SSRN and FDSSC extract the spectral
information by a 1 × 1 convolution and then extract the spatial information through a 3D
CNN; that is, the spectral and spatial feature extraction modules are constructed in series.
HybridSN extracts spectral–spatial features by a hybrid 2D-3D CNN. The classification
performances of the three methods on PU, PC, and SA are superior to those of the SVM
and CDCNN. Because the HU dataset is complex, there are many categories of objects, and
the distribution of features is scattered, making it difficult to classify them. HybridSN is
limited by its relatively simple model, and its prediction ability is insufficient for the object
categories in HU.

The proposal of an attention mechanism can highlight the important information
in the feature map and weaken the less useful part, which is a way to enhance model
performance. DBMA constructs spectral and spatial attention mechanisms in two network
branches of the model. Although the MCNN does not directly use the attention mechanism,
the channelwise shift and channelwise weighting constructed by the MCNN move and
weight the data processed by PCA in the channel dimension, so the MCNN can change
the information distribution. Therefore, DBMA and MCNN obtained OAs greater than
96.7%, 98.1%, 95.8%, and 94.3% on the four datasets. Among them, for the HU dataset,
which is difficult to classify, the classification performances of DBMA and MCNN are
significantly improved compared with those of the SVM, CNCNN, SSRN, and HybridSN,
and are only slightly lower than the classification performance of FDSSC. Note that the
classification performance of FDSSC on multiple datasets is superior to that of other
compared methods (including those using attention methods), but this does not mean that
the attention mechanism has no advantage. The addition of an attention mechanism can
enhance the model performance, but it cannot play a leading role. An attention mechanism
is a kind of auxiliary functional module. The feature extraction ability of the model is the
main factor that determines the classification performance.

Based on multiscale input, the subpixel strategy, and multiscale convolution feature
extraction, the proposed method fully mines the multiscale information of the HSI, which
improves its classification ability for some small objects. The constructed adaptive attention
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constraint fusion module and high-dimensional feature semantic enhancement module
also play a significant role in model performance. The classification results obtained on all
experimental datasets prove the effectiveness of the proposed method. For the HU dataset
with many small objects, the proposed method shows significant performance improve-
ment. Compared with the other seven methods with the best classification accuracies on
each dataset, our method achieves OAs that are improved by 1.44%, 0.13%, 1.05%, and
1.84%, respectively.

3.3.2. Qualitative Analysis

To reflect the classification performance of each method more directly, Figures 6–9
show the classification results of the best trained models on the four datasets, along with
the ground-truth maps and their false color images. As seen in Figures 6–9, the SVM and
CDCNN only depend on the spectral information or do not fully use the spatial information,
resulting in serious salt-and-pepper noise. SSRN, FDSSC, HybridSN, DBMA, and MCNN
extract sufficient spectral and spatial information of HSIs, so smooth classification maps are
obtained. The proposed method not only deeply mines the spectral and spatial information
of HSIs, but also reduces noise interference of different scale features in the fusion process
and enhances the high-dimensional semantic features. In addition, the combination of
original image cubes and subpixel cubes improves the classification performance of the
model for small target scenes (HU and some targets in PU and PC). Overall, the proposed
method shows a good classification effect on the four datasets and delivers the most
accurate and smooth classification maps.
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Figure 8. The classification map of Salinas. (a) False-color image; (b) ground truth; (c) SVM;
(d) CDCNN; (e) SSRN; (f) FDSSC; (g) HybirdSN; (h) DBMA; (i) MCNN; (j) the proposed method.
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Figure 9. The classification map of Huston University. (a) False-color image; (b) ground
truth; (c) SVM; (d) CDCNN; (e) SSRN; (f) FDSSC; (g) HybirdSN; (h) DBMA; (i) MCNN; (j) the
proposed method.

3.3.3. Comparison Analysis of Using Different Percentages of Training Samples

A deep neural network has powerful feature extraction ability, but it relies on a
large number of samples to train the network. The classification accuracy of the network
model is also greatly related to the number of training samples. To test the robustness
and generalization of the proposed method, 1%, 3%, 5%, 8%, 10%, and 15% of samples
are randomly selected to train the proposed model. The experimental results are given in
Figure 10. Because the classification performances of the SVM and CDCNN are obviously
lower than those of other methods, there is no comparison between these two methods in
this part.
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For a deep learning model, the more labeled samples that are used for training, the
stronger the feature representation ability of the model and the better the generalization
ability. Therefore, the classification accuracy of all methods in different datasets shows
a positive correlation with the number of training samples. The proposed method is
more thorough for scale feature mining, and the features extracted from the model can
distinguish between different categories of land cover objects. Therefore, the proposed
method shows the optimal classification performance under all test conditions.

3.3.4. Classification Performance for Different Spatial Sizes

The spatial scale of the input feature map is a key factor that determines the model
performance. A spatial scale that is too large includes a lot of neighborhood information.
Domain information may contain many other categories of land cover objects, which causes
great interference with the feature extraction process. In contrast, if the selected spatial
scale is too small, the model lacks considerable spatial information in feature extraction.
The information loss leads to the weak ability of the model to discriminate between the
extracted features, meaning that the model cannot accurately classify different categories
of objects. According to the study of the works in HSI classification field, we find that
the input scales of HSIs are mostly distributed from 7 × 7 to 25 × 25. Therefore, based
on the large spatial scale input and small spatial scale input proposed in the manuscript,
15 × 15 is chosen as the partition point of the two scales. The spatial scales less than
15 × 15 are defined as small spatial scales, and the spatial scales greater than or equal to
15 × 15 are defined as large spatial scales. To select the best spatial scale and explore the
model performance with scale variation, we test a total of 16 combinations of the 7 × 7,
9 × 9, 11 × 11, and 13 × 13 small-scale information and 15 × 15, 17 × 17, 19 × 19, and
21 × 21 large-scale information. The experimental results are shown in Figure 11. Among
them, the upsampling of both small-scale input and large-scale input in the model is 2S-1,
where S represents the spatial scale of the input patch.
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With the increase in the two input scales, the model performance shows an overall
trend of increasing first and then decreasing, which is consistent with the previous theoreti-
cal expectations. When the input scale of the model gradually increases, the neighborhood
information contained in the input information increases gradually. Under this condition,
the spatial information becomes more abundant, and the classification performance of the
model shows an upward trend. When the scale information increases to a certain extent,
further increasing the spatial scale makes the input image cube contain a large amount of
information from other categories, which weakens the ability of the model to discriminate
between extracted features and eventually results in a decline in classification performance.
According to the optimal experimental performance, the small-scale input and large-scale
input of the model are 21 × 21 and 11 × 11 on PU, 17 × 17 and 11 × 11 on PC, 21 × 21
and 11 × 11 on SA, and 19 × 19 and 9 × 9 on HU, respectively. Please note that the above
analysis is only limited to the proposed method.

3.4. Ablation Study
3.4.1. Effectiveness Analysis of the Multiscale Input Strategy

This paper explores the importance of scale information in HSI classification from
three aspects: multiscale input, input data subpixel, and multiscale convolution feature
extraction. In this part, the multiscale input ablation experiment is performed to prove the
effectiveness of the proposed method. For the proposed multilevel scale feature extraction
module, we fix the scale of the input image cube and only use a single scale image cube
as the model input for a comparative experiment. The experimental results are shown
in Figure 12, where S_scale means small scale alone; that is, only the upper parts of the
multi-level scale feature learning module and the adaptive attention constraint fusion
module are retained in Figure 5. L_scale represents large scale alone; that is, only the lower
parts of the above two modules are retained. Finally, M_scale indicates that the entire
network structure is executed.
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In all datasets, the OA of the model using only large-scale input is better than that
using only small-scale input. The combined use of large-scale and small-scale image
cubes as input further improves the classification accuracy. In the experiment of the three
input methods, the model performance gap is most obvious on HU. Because the HU is
captured over the HU campus, there are many categories of pixels, and the distribution
of objects in HU is relatively scattered. Meanwhile, the same category of pixels in HU do
not show a large area aggregation, the classification complexity is high. Therefore, when
extracting the feature of HU, the spatial neighborhood information is easy to be mixed with
other categories of pixels, which greatly increases the difficulty of classification. Through
learning, the model can allocate the weight of parameters to different scales of information
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and extract highly discriminative semantic features from rich neighborhood information.
In summary, using the input of neighborhood information at different scales can improve
the classification performance.

3.4.2. Effectiveness Analysis of Subpixels

In this paper, the subpixel operation of the input information is performed to improve
the classification accuracy of the model for small objects in complex environments. We
compare large-scale input subpixel processing, small-scale input subpixel processing, and
no subpixel processing. Figure 13 shows the experiment studying the influence of subpixel
operations on model performance, where WO_S indicates that neither of the two input
image cubes of the model is subjected to subpixel processing, WI_SS indicates that only
small-scale input information is subjected to subpixel processing, WI_LS indicates that only
large-scale input is subjected to subpixel processing, and WI_SLS indicates that both inputs
are subjected to subpixel processing.
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When the two inputs are processed with subpixel operations, the model performance
is significantly improved compared with the classification performance without subpixel
processing. The OAs on the four datasets increased by 0.77%, 0.17%, 0.43%, and 0.92%. HU
has a slightly different phenomenon from the other three datasets; that is, after subjecting
the large-scale input to only a subpixel operation, the model classification performance on
this dataset is even weaker than that without a subpixel operation. We believe that because
the same category of objects in HU does not show a large distribution state, the large-scale
input introduces more neighborhood information that is different from the center pixel to a
certain extent. After subpixel operations, the amount of interference information increases.
Therefore, the extracted features inaccurately represent different categories of objects, and
the classification performance is relatively weakened. In general, performing subpixel
operations on inputs at different scales at the same time is effective for improving the
performance of the model.

3.4.3. Effectiveness Analysis of the Adaptive Attention Constraint Fusion Mechanism

The proposed adaptive attention constraint fusion method aims to solve the noise and
feature loss problem caused by upsampling, downsampling, and convolution in the process
of scale unaligned feature fusion. This section conducts performance tests for the fusion
module. We compare the proposed method with (1) using the large-scale feature map to
align with the small-scale feature map (L_D in Figure 14) and (2) aligning the samples on
the small-scale feature map with the large-scale feature map (S_U in Figure 14); the results
are shown in Figure 14.
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Figure 14. Effective analysis of fusion method.

As shown in Figure 14, the proposed attention fusion method can obviously improve
the model performance. For the fusion of different scale feature maps, the method of up-
sampling small-scale feature maps to align with large-scale feature maps obtains better clas-
sification accuracy than downsampling large-scale feature maps to align with small-scale
feature maps. Compared with part of the noise caused by upsampling, high-dimensional
semantic features are more sensitive to the loss of features in the downsampling process.
Compared with (1), the classification accuracies of the proposed attention fusion module
improved by 0.77%, 0.24%, 0.62%, and 3.49% on the four datasets. Compared with (2),
0.59%, 0.15%, 0.26%, and 1.12% performance improvements are obtained. This module can
be easily applied to deep neural networks where different spatial scale feature maps need
to be fused.

3.4.4. Analysis of the Effectiveness of the Semantic Feature Enhancement Mechanism

To explore the ability of high-dimensional semantic features to represent data, a se-
mantic feature enhancement module is constructed in this paper. This module improves the
feature discrimination ability and generalization ability by enhancing feature representation,
which leads to better classification performance. Figure 15 shows the performance com-
parison of the models with and without feature enhancement, where WO_E is the method
without the enhancement module and WI_E is the method with the enhancement module.
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Figure 15. Effectiveness of feature enhancement module.

As shown in Figure 15, the performance of the model improves significantly after using
the semantic feature enhancement module. The classification accuracy was improved by
0.32%, 1.78%, 1.21%, and 1.06% on the four datasets, with an average of 1.09%. This shows
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that this module further enriches the features and enhances the ability to discriminate
between features.

3.4.5. Training and Testing Times of Compared Methods Based on Attention Mechanism

A good HSI classification method needs not only high classification accuracy, but also
good computational efficiency. We compare DBMA and MCNN, which use the attention
mechanism, as shown in Table 9:

Table 9. Comparison of training and testing times of different attention-based methods on
four datasets.

PU PC SA HU

DBMA
Train (s) 104.93 66.29 260.34 77.98
Test (s) 36.99 43.88 55.85 5.88

MCNN
Train (s) 12.97 26.60 13.25 10.26
Test (s) 2.56 8.55 3.25 1.32

Proposed
Train (s) 92.81 72.23 161.27 66.49
Test (s) 36.84 31.71 40.06 6.33

As shown in Table 9, MCNN achieves the best computational efficiency among the
three comparative methods. The computational efficiency of the proposed method is better
than that of DBMA as a whole, and only slightly weaker than that of DBMA in the training
time of PC and the testing time of HU.

MCNN has a simple structure, few network layers, and a low number of training
parameters, and it achieves better computational efficiency. However, its simple model
cannot fully mine image features, leading to its lower classification accuracy. Although
the training and testing times of our proposed method is slower than that of MCNN, it
is better than DBMA, and the classification accuracy is significantly higher than that of
DBMA and MCNN.

4. Conclusions

This paper focuses on the classification of complex objects in small areas and proposes
three main components: a sub-pixel multilevel scale feature learning module (SMSFL), an
adaptive attention constraint fusion module (AACF), and a high-level feature semantic
enhancement module (HFSE). SMSFL collects multiscale input, subpixel, and multiscale
convolutions for richer feature extraction. AACF aims to reduce the noise and information
loss problems introduced in the scaling process for multiscale feature fusion. HFSE is
designed to enhance the feature representation and semantic information of high-level
semantic features. Experimental results show that our approach obtains state-of-the-art
performance on four HSI datasets.

In our proposed multiscale input module, different scale information needs to be
set manually. In addition, although the proposed method is better than the comparison
method in OA, AA, and KA of the four datasets, the classification accuracy of bare soil
categories in PU is slightly lower. In the future, we will use adaptive scale selection to
obtain the most suitable input scale combination for the model in order to achieve better
classification performance.
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