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Spectral-Spatial Latent Reconstruction for Open-Set
Hyperspectral Image Classification
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Abstract—Deep learning-based methods have produced sig-
nificant gains for hyperspectral image (HSI) classification in
recent years, leading to high impact academic achievements and
industrial applications. Despite the success of deep learning-based
methods in HSI classification, they still lack the robustness of
handling unknown object in open-set environment (OSE). Open-
set classification is to deal with the problem of unknown classes
that are not included in the training set, while in closed-set
environment (CSE), unknown classes will not appear in the
test set. The existing open-set classifiers almost entirely rely on
the supervision information given by the known classes in the
training set, which leads to the specialization of the learned
representations into known classes, and makes it easy to classify
unknown classes as known classes. To improve the robustness
of HSI classification methods in OSE and meanwhile maintain
the classification accuracy of known classes, a spectral-spatial
latent reconstruction framework which simultaneously conducts
spectral feature reconstruction, spatial feature reconstruction and
pixel-wise classification in OSE is proposed. By reconstructing
the spectral and spatial features of HSI, the learned feature
representation is enhanced, so as to retain the spectral-spatial in-
formation useful for rejecting unknown classes and distinguishing
known classes. The proposed method uses latent representations
for spectral-spatial reconstruction, and achieves robust unknown
detection without compromising the accuracy of known classes.
Experimental results show that the performance of the proposed
method outperforms the existing state-of-the-art methods in OSE.

Index Terms—Deep neural network, hyperspectral image clas-
sification, latent reconstruction, open-set classification, spectral
feature reconstruction, open-set environment.

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) contain both spa-
tial information and spectral reflectance information

of ground objects, in which each pixel corresponds to a
spectral curve. The spectral detection range corresponding to
hyperspectral technology far exceeds the perception range of
the human eye, which can improve people’s understanding
of nature [1], [2]. Combining both spatial texture feature
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and spectral feature, HSIs have been widely and successfully
applied in the fields of environment, agriculture, ecology,
ocean, geology, land management and so on. The purpose of
HSI classification is to classify each pixel into corresponding
ground class (e.g., building, soil, grassland, tree, river and
road). As a core step in HSI data processing, HSI classification
plays an irreplaceable role in most hyperspectral technology
applications [3], [4], [5].

Based on the high spectral dimension of HSI, researchers
have proposed many statistical transformation methods to map
HSI spectral vectors from high-dimensional space to low-
dimensional feature space to extract effective spectral features
[6]. Some classic examples of such statistical transformation
methods are Linear Discriminant Analysis (LDA) [7], Sparse
Preserving Projection (SPP) [8], Local Preserving Projection
(LPP) [9] and Local Preserving Discriminant Analysis (LFDA)
[10]. Due to the spatial homogeneity and heterogeneity of HSI,
it is difficult to make full use of the advantages of HSI only
by extracting spectral features. Therefore, researchers have
proposed a series of methods to jointly extract spatial-spectral
features, such as extended mathematical contour (EMP) [11],
directional morphological contour (DMP) [12], and extended
attribute profiles (EAP) [13].

With the successful introduction and rapid progress of deep
neural network (DNN) [14], it has achieved excellent perfor-
mance in image classification [15], [16], image segmentation
[17], [18], object detection [19], [20], image sharpening [21],
[22], etc. Inspired by this, researchers have proposed a series
of HSI spectral feature and spatial feature extraction methods
based on DNN, so that the classification accuracy of HSI
has been gradually improved. In order to fully explore the
three-dimensional data characteristics of HSI, some spectral-
spatial feature extraction methods combined with DNN have
been proposed [23], including stacked auto-encoders [24],
spatial pyramid pooling [25], deep fully convolutional network
[23], [26], deep deconvolution network [27], superpixel-based
discriminative sparse model [28], deep residual network [29],
[30], deep transformer [31], and deep recurrent neural network
[32].

The performance of HSI classification has been developed
by leaps and bounds with the development of deep learning.
However, most of the existing HSI classification methods
have an ideal assumption, that is, the ground object classes
of all samples in the test set appear in the training set.
The classification task in a closed-set environment (CSE) is
called closed-set classification (CSC) [33], [34]. In fact, this
assumption may be invalid in some situations, because in
actual application scenarios, there are likely to be ground
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Fig. 1: The illustration of the closed-set classification (CSC)
and the open-set classification (OSC). (a) The Illustration of
the distribution of the dataset including known classes A, B,...,
F and unknown class. (b) The Illustration of the decision
boundaries generated by closed-set model and classifier. The
closed-set classifier mistakenly divides unknown objects into
known classes. (c) The Illustration of the decision boundaries
generated by open-set model and classifier.

object classes that do not exist in the training set. Considering
that the classes of ground objects on the Earth are very rich,
in the face of the vast unknown world, researchers inevitably
have to study in depth how to effectively deal with a large
number of unknown and dynamically changing open ground
object classes in open-set environment (OSE).

Since it is almost impossible for the training set to cover
all possible classes in the real word [35], the usability of
the model trained in CSE is greatly restricted [36], [37]. In
real scenarios, the known classes contained in the training
set are often incomplete. In the process of model inference
and application, researchers may encounter many new classes
that cannot be seen during the training process. In OSE, the
object class set in the training set is a subset of the object
class set in the test set. The task to be solved in this paper
is to accurately classify the known classes and identify the
unknown open classes at the same time. This task is also called
as the open-set classification (OSC) [38], [39]. Fig. 1 shows
the comparison between CSC and OSC. Obviously, CSC will
weaken the robustness of the classification method based on
the closed-set hypothesis. It can be seen from Fig. 1 that an
ideal OSC generated after training can effectively limit the
range of known classes in the feature space, so as to reserve
enough feature space for the recognition of unknown open
classes, and realize the accurate unknown recognition [40],
[41].

Generally speaking, researchers will decompose OSC into
two sub-tasks (i.e., identifying unknown open classes and
classifying known classes) [38]. Identifying the unknown open
class can be regarded as a two-class classification problem, that
is, to judge whether the test sample belongs to the unknown
open classes. This process is also called unknown detection
or novelty detection in the literature [42]. Researchers have

proposed a large number of methods to identify unknown
open classes, including methods based on distance [43], [44],
methods based on statistics [45], [46], [47], methods based on
domain [48], [49], methods based on reconstruction [50], [51],
[52], methods based on neural network [53] and methods based
on information theory [54]. These methods mainly consider
how to improve the accuracy of identifying open classes, and
to a certain extent ignore how to improve the performance of
the sub-task of classifying known classes in OSC [55].

Compared with the closed-set classifier, the open-set clas-
sifier [56] trained under OSE can detect samples that do not
belong to the classes in the training set. However, usually,
the feature extractor corresponding to the open-set classifier
will map all samples into the feature space, including samples
within known classes and unknown open samples. Therefore,
for OSC, it is particularly important to retain features that
can help rejecting unknown open classes in the feature ex-
tractor. For the feature extractor corresponding to the open
classifier, almost all existing deep open classifiers rely on
fully supervised learning [33], [57], [58], [59] on the training
set, as shown in Fig. 2(a). Most existing OSC methods only
use the final prediction of their models to identify unknown
open classes and classify known classes. However, the feature
extractor trained based on the training set (containing only
samples within known classes) tends to retain the features that
can help to accurately classify the known classes, and often
ignores the features that can be used to identify the unknown
open classes. Features that can be used to accurately classify
known classes may not necessarily be used to represent un-
known classes or separate unknown open classes from known
classes [40], [60], [61].

In this paper, we propose a novel open-set HSI classifica-
tion framework, called Spectral-Spatial Latent Reconstruction
(SSLR) learning under the OSE. Our goal is to learn effective
spectral-spatial feature representation for each sample, and
retain the features that can classify known categories and
identify unknown open classes. For unknown open classes
that are invisible during training, we can add unsupervised
learning as a regularizer, so that the learned spectral-spatial
representation can obtain features that are useful for iden-
tifying unknown open classes but may not help to classify
known classes. Reconstructing the original input from the
low dimensional latent representation is a common method of
unsupervised learning [14]. Therefore, in the final optimization
goal, in addition to the supervised optimization goal in CSE,
we also combine the unsupervised learning goal of spectral
reconstruction and the unsupervised learning goal of spatial re-
construction. The proposed SSLR method is mainly composed
of two modules: spectral-spatial latent reconstruction module
and spectral-spatial open-set calibration module. The spectral-
spatial open-set calibration module includes unknown detector
and closed-set classifier, as shown in Fig. 2(b). Among them,
the closed-set classifier uses supervised learning to explore
how to improve the accuracy of the classification of known
classes, while the unknown detector uses the spectral and
spatial latent representation to identify the unknown samples.
This mechanism makes it possible for unknown detectors to
use spatial-spectral features that are not helpful in classifying
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Fig. 2: Overview of existing and our deep open-set classification models. (a) Existing deep open-set classifiers. (b) Spectral-
spatial latent reconstruction for open-set HSI classification.

known classes. In addition, the output features of high-level
layer of deep neural networks often lose the details of input
data [62], [63], [64], [40], which may lead to the failure
of unknown detection. The proposed SSLR can use self-
supervision to reconstruct spatial and spectral inputs, so as
to supplement the missing details to a certain extent.

The rest of this paper is organized as follows. In Section
II, the proposed method is described in detail, including
the spectral-spatial latent reconstruction module, the spectral-
spatial open-set calibration module and the progressive resid-
ual convolution module. In Section III, the experimental setup
is described in detail, including datasets and training details.
In Section VI, the open-set HSI classification results of the
proposed method and the comparison methods are shown
and discussed, as well as an ablation study to verify the
effectiveness of each module. In Section V, the conclusions
are summarized, and some future research ideas are given.

II. METHOD

This paper proposes an HSI classification method under
open-set setting based on spectral-spatial latent reconstruc-
tion, which consists of three modules: spectral-spatial latent
reconstruction module, spectral-spatial open-set calibration
module and progressive residual convolution module. First,
the progressive residual convolution module generates the
latent representation of HSIs. Second, the spectral-spatial la-
tent reconstruction module generates the spatial reconstruction
matrix and the spectral reconstruction matrix, and calculates
the spatial reconstruction error and the spectral reconstruc-
tion error. Third, spectral-spatial open-set calibration module
models the spectral-spatial reconstruction error, obtains the
cumulative distribution function of the Weibull distribution,
and judges whether the HSI instance belongs to known classes
based on the cumulative distribution function. The framework
of the proposed SSLR method is shown in Fig. 3.

A. Spectral-Spatial Latent Reconstruction Module
Assume a 3-D HSI cube H ∈ RNX×NY ×C , where NX

and NY are the length and width of the HSI cube in the
spatial dimension, respectively. C denotes the number of
spectral channels of the HSI cube. In order to reconstruct
the spatial texture information, we first use the minimum
noise fraction (MNF) method to extract the spatial texture
information. The standard principal component analysis (PCA)
transform is more sensitive to noise, that is, the principal
component with the largest amount of information may not
have the highest signal-to-noise ratio. When the variance of
the noise contained in a certain principal component is greater
than the variance of the signal, the quality of the image formed
by the principal component will be poor. In order to solve this
problem, the proposed method uses the MNF transformation
to extract the texture characteristics of the HSI cube. Through
MNF transformation, the first T principal components are
selected as the spatial domain matrix, which is represented
by Hspa ∈ RNX×NY ×T .

For the spectral-spatial encoder network fθ(·), it consists
of several progressive residual convolution module. We feed
the spectral-spatial instance Hins ∈ RK×K×C in HSI cube to
the network fθ(·) to obtain the output of the global average
pooling (gap) layer as the latent representation and the output
of the fully connected layer as the final hidden output. We use
Θlr and yac to denote the latent representation and the final
hidden output, respectively. For each spectral-spatial instance,
the spatial neighborhood is K × K in HSI cube. The above
process can be formulated as

[Θlr,yac] = fθ(Hins) (1)

For the activation vector yac, its vector length is NC ,
where NC represents the number of known ground object
classes under the closed-set setting. For the ith class, the
corresponding activation number is yiac. We can use softmax
to determine the predicted label ypre of the HSI instance as

ypre = arg max
i∈[1,NC ]

exp(yiac)∑NC
j=1 exp(yjac)

(2)
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Fig. 3: Spectral-spatial latent reconstruction with progressive residual convolution module.

1) Spatial Latent Reconstruction Loss: To extract spatial
texture information during the training process to provide
information that can distinguish between known object classes
and unknown open object classes, we use the decoder network
composed of several deconvolutional layers to reconstruct
spatial information from the encoder features. This process
can be expressed as

Ĥspa = Dspaφ (Θlr) (3)

where Dspaφ (·) represents the spatial decoder network used to
reconstruct spatial information from the latent representation
Θlr. Ĥspa represents the spatial domain matrix after recon-
struction. Corresponding to different HSI instances, we obtain
the original spatial domain matrix H̃spa ∈ RK×K×T . Then,
we calculate the mean absolute error (MAE) Espa between
the original spatial domain matrix H̃spa ∈ RK×K×T and the
reconstructed spatial domain matrix Ĥspa ∈ RK×K×T as the
spatial latent reconstruction loss Lspa:

Lspa = Espa =
∥∥∥H̃spa, Ĥspa

∥∥∥
1

(4)

2) Spectral Latent Reconstruction Loss: One of the charac-
teristics of HSI is that it not only has rich texture features,
but also retains the continuous spectral information of the
ground objects, which provides a very important indication
for distinguishing whether a ground object is open. To fully
extract the distinguishable spectral information, we use a
spectral decoder network to reconstruct the complete spectral
information from the latent representation. First, we obtain
the original spectral domain matrix H̃spe ∈ R1×1×C from
the spectral-spatial instance Hins ∈ RK×K×C , and then we
use the spectral decoder network to generate the reconstructed
spectral domain matrix Ĥspe ∈ R1×1×C from the latent
representation Θlr:

Ĥspe = Dspeϕ (Θlr) (5)

where Dspeϕ (·) represents the spectral decoder network. Fi-
nally, we calculate the mean absolute error between the
original spectral domain matrix H̃spe ∈ R1×1×C and the
reconstructed spectral domain matrix Ĥspe ∈ R1×1×C as the
spectral latent reconstruction loss Lspe:

Lspe = Espe =
∥∥∥H̃spe, Ĥspe

∥∥∥
1

(6)

Finally, we calculate the spectral-spatial latent reconstruc-
tion loss Lss = Lspa + Lspe. For a given spectral-spatial
instance Hins, the method of generating spatial and spectral
latent reconstruction loss is shown in Algorithm 1. We use the
back-propagation method to solve the corresponding parame-
ters：

arg min
θ,φ,ϕ

(Lce + Lss) (7)

where Lce represents the cross entropy loss corresponding to
the spectral-spatial encoder network fθ(·).

B. Spectral-Spatial Open-Set Calibration Module

Through the previous spectral-spatial latent reconstruction
module, the spectral reconstruction MAE and spatial recon-
struction MAE are generated. For an HSI instance, if its
reconstruction error is large, it means that the instance has not
been optimally optimized. Therefore, an HSI instance with a
large reconstruction error will be regarded as an unknown open
class [65]. In order to find potential open ground objects, we
use Extreme Value Theory (EVT) to model the spectral and
spatial MAEs.

In the process of extreme value testing, the Weibull distri-
bution is suitable for modeling long-tail data [33], [40], [65].
Through the Weibull distribution, we can find the instance that
deviates and treat it as an unknown open ground object. The
probability density function (PDF) of the Weibull distribution
is as follows:
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Algorithm 1 Spectral-Spatial Latent Reconstruction Loss

Input:
A given HSI instance Hins ∈ RK×K×C
Spectral-spatial encoder network fθ(·)
Spatial decoder network Dspaφ (·)
Spectral decoder network Dspeϕ (·)

1: Compute the latent representation and activation vector:
[Θlr,yac] = fθ(Hins)

2: Compute the reconstructed spatial domain matrix Ĥspa =
Dspaφ (Θlr) by Eq. (3)

3: Compute the reconstructed spectral domain matrix
Ĥspe = Dspeϕ (Θlr) by Eq. (5)

4: Generate the original spatial domain matrix H̃spa ∈
RK×K×T and spectral domain matrix H̃spe ∈ R1×1×C

of the HSI instance
5: Calculate the MAE between the original spatial domain

matrix and the reconstructed spatial domain matrix Lspa
by Eq. (4)

6: Calculate the MAE between the original spectral domain
matrix and the reconstructed spectral domain matrix Lspe
by Eq. (6)

7: Compute the spectral-spatial latent reconstruction loss:
Lss = Lspa + Lspe

8: Return Lss, Lspa, Lspe

Fpdfκ,λ (x) =

{κ
λ

(
x

λ
)κ−1e−(

x
λ )
κ

(x ≥ 0)

0 (x < 0)
(8)

where κ is the shape parameter, and λ is the scale parameter.
The cumulative distribution function (CDF) corresponding to
the Weibull distribution is as follows:

Fcdfκ,λ(x) =

{
1− e−( xλ )

κ

(x ≥ 0)

0 (x < 0)
(9)

We use the spectral-spatial mean absolute error (SSMAE)
E issmae corresponding to the ith known ground object to per-
form extreme value modeling. The main process of modeling
is shown in Algorithm 2. To determine the boundary between
unknown and known classes, we need to determine a threshold
δ. In previous studies, the threshold is usually set to 50% [65],
[40]. For each HSI instance, the method for determining the
object classes is shown in Algorithm 3.

C. Progressive Residual Convolution Module

In order to realize the encoder of HSIs, combined with the
characteristics of remote sensing images, we design a pro-
gressive residual convolution (PRC) network as the spectral-
spatial encoder network fθ(·). A PRC network is composed of
several PRC modules, as shown in Fig. 3. Each PRC module
is a convolutional neural network with three layers. In the
PRC network, each convolutional layer of the τ th PRC module
is denoted by Ωkτ (·). The PRC module can be formulated as
follows:

Algorithm 2 EVT Model Fitting

Input:
The number of training samples with known classes N
Training samples with known classes Hi

ins, i ∈ [1, N ]
The tail number T

1: for i = 1...N do
2: Generate the spatial reconstructed MAE E ispa by Eq. (4)
3: Generate the spectral reconstructed MAE E ispe by Eq.

(6)
4: Calculate the SSMAE corresponding to the ith sample:

E issmae = E ispa + E ispe
5: end for
6: EVT Fit Fcdfκ,λ(·) = FitHigh([E1ssmae, ..., ENssmae], T )

7: Return model Fcdfκ,λ(·)

Algorithm 3 Spectral-Spatial Open-Set Calibration

Input:
The total number of testing samples M
HSI instances for testing Ht

ins, t ∈ [1,M ]
EVT model Fcdfκ,λ(·)
Spectral-spatial encoder network fθ(·)

1: for t = 1...M do
2: Feed the tth HSI instance Ht

ins into the network fθ(·)
to generate Θt

lr and ytac: [Θt
lr,y

t
ac] = fθ(Ht

ins)
3: Generate the predicted ground object class ytpre =

arg max
i∈[1,NC ]

exp(yiac)∑NC
j=1 exp(yjac)

by Eq. (2)

4: Generate the spatial reconstructed MAE Etspa and the
spectral reconstructed MAE Etspe by Eq. (4) and Eq. (6)

5: Calculate the SSMAE corresponding to the tth testing
instance: Etssmae = Etspa + Etspe

6: Calculate cumulative probability Fcdfκ,λ(Etssmae)
7: if Fcdfκ,λ(Etssmae) > δ then
8: ytpre = unknown
9: end if

10: end for
11: Return ytpre, t ∈ [1,M ]


Okτ = Ωkτ (Ikτ ), k ∈ {1, 2, 3}

Ik+1
τ =


Okτ (k = 1)

[Ok−1τ ,Okτ ] (k = 2)

Ok−1τ +Okτ (k = 3)

(10)

where Ikτ and Okτ denote the input and output of the kth
convolutional layer in the τ th PRC module, respectively.
Since there are only 3 convolutional layers in each PRC
module, the input of the τ th PRC module I4τ is equal to the
input of the next PRC module: I1τ+1 = I4τ . The proposed
network combines the advantages of progressive convolutional
network [26] and residual network [15], and can make full
use of the multi-scale characteristics of HSIs. By performing
concatenation and summation of the outputs of multiple levels,
collaborative information processing of multi-scale receptive
fields and multi-scale feature extraction can be realized.
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For the spectral decoder network Dspeϕ (·) and the spatial
decoder network Dspaφ (·), the inputs are the outputs of the
gap layer in the spectral-spatial encoder network Θlr, which
is the latent representation of the network fθ(·). For spectral
decoder network Dspeϕ (·), we use two deconvolutional layers
and four convolutional layers for implementation, as shown in
Fig. 3. For the spatial decoder network Dspaφ (·), we use several
deconvolutional layers and one convolution layer to achieve,
and the number of deconvolutional layers depends on the input
neighborhood size of the HSI instance.

III. EXPERIMENTS

A. Datasets and Evaluation

In order to verify the effectiveness of the proposed method,
comparative experiments are conducted on three popular HSI
datasets in the OSE, including the University of Pavia (UP)
dataset, Salinas (SA) dataset and Houston (HU) dataset. For
each dataset, the ordinary open-set environments are created.
In order to verify the performance of the proposed method
in different open-set settings, we set up an additional open-
set environment with high openness for the UP dataset. The
detailed open-set environments of these three data sets are
listed in Table I. In the following experiment, if not specified,
the open-set environments are the ordinary environments.

(1) UP dataset: The spatial resolution and ground coverage
of this HSI are 1.3m and 0.8 km × 0.4 km, respectively. The
wavelength range corresponding to this HSI is 0.43 µm to 0.86
µm. In the process of data preprocessing, 12 bands that are
severely affected by noise and water absorption were removed,
and the remaining 103 spectral channels participate in this
experiments after processing [66]. The HSI contains a total of
9 ground object classes. In the ordinary open-set experiment,
one class (shadows) is selected as the unknown open class,
and the remaining 8 classes are selected as the known classes.
Fig. 4 shows the pseudo-color composite image, ground truth
image and image legend (including background, known classes
and unknown open class) of UP dataset in the ordinary
environment. In the high openness open-set experiment, 3
classes (i.e., painted metal sheets, bitumen and shadows) are
selected as the unknown open class, and the remaining 6
classes are selected as the known classes.

(2) SA dataset: The spatial resolution and ground coverage
of this HSI are 3.7m and 1.9 km × 0.8 km, respectively.
The wavelength range corresponding to this HSI is 0.4 µm
to 2.5 µm. In the process of data preprocessing, 20 bands
that are severely affected by water absorption were removed,
and the remaining 204 spectral channels participate in this
experiment after processing. The HSI contains a total of 16
ground object classes. In this experiment, two classes are
selected as the unknown open class, and the remaining 14
classes are selected as the known classes. Fig. 5 shows the
pseudo-color composite image, ground truth image and image
legend (including background, known classes and unknown
open class) of SA dataset.

(3) HU dataset: The spatial resolution and image size of
this HSI are 2.5m and 349 × 1905, respectively [32]. The
wavelength range corresponding to this HSI is 0.38 µm to

TABLE I: The detailed open-set environments of the three
HSI datasets (i.e., UP, SA and HU), where NX and NY are
the width and height of the HSI data cube, respectively. NC
represents the number of classes in the HSI data. NK and
NU represent the number of known classes and the number of
unknown open classes selected in the experiment, respectively.

Datasets Openness NX NY NC NK NU

UP Ordinary 610 340 9 8 1
SA Ordinary 512 217 16 14 2
HU Ordinary 1905 349 15 11 4
UP High 610 340 9 6 3

Background

Asphalt

Meadows

Gravel

Trees

Painted metal sheets

Bare Soil

Bitumen

Self-Blocking Bricks

Novel

Fig. 4: The false-color composite image of the UP dataset, the
corresponding ground truth map and legend (including known
classes, unknown open class and background).

1.05 µm. After data preprocessing such as attitude processing
and radiation correction, 144 spectral channels are used for
experiments. The HSI contains a total of 15 ground object
classes. In this experiment, 4 classes are selected as the
unknown open class, and the remaining 11 classes are selected
as the known classes. Fig. 6 shows the pseudo-color compos-
ite image, ground truth image and image legend (including
background, known classes and unknown open class) of HU
dataset.

On each HSI, we sample L and E from each known class
for training and evaluation, and the remaining active pixels are
used for testing. In this experiment, three labeled samples (E
= 3) of each object class are randomly selected for evaluation.
In order to avoid extreme values, we perform ten repeated
experiments and report the average accuracies and standard
deviations of the ten experiments. The accuracy indicators
reported in this paper include class-wise accuracy, overall
accuracy (OA), average accuracy (AA) and F1 score. Since
the OA and AA reported in this experiment include unknown
open class, we also refer to OA and AA as open OA and open
AA in this paper.

B. Parameter Settings

In order to explore the influence of the number of PRC
module Nprc on the final accuracy and determine the optimal
number of PRC, we set different Nprc and test their accuracy
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Fig. 5: The false-color composite image of the SA dataset, the
corresponding ground truth map and legend (including known
classes, unknown open class and background).

Fig. 6: The false-color composite image of the HU dataset, the
corresponding ground truth map and legend (including known
classes, unknown open class and background).

on the UP, SA and HU datasets. It is easy to see from the
test results shown in Fig. 7 (a)-(c) that the accuracies are the
highest when the Nprc is set to 2, and so we set the number
of PRC module to 2 in the following experiment.

Meanwhile, to explore the influence of the number of princi-
pal components (PC) Npc while generating the original spatial
domain matrix Ĥspa on the final accuracy and determine the
best number of principal components, we set different Npc and
test their accuracy on the UP, SA and HU datasets. From the
test results shown in Fig. 7 (d)-(f), it is easy to see that the
accuracies are the highest when the Npc is set to 3, and so we
set the number of principal components to 3 in the following
experiment.

We train the SSLR model by optimizing Eq. (7). When
training the model, the initial learning rate is set to 0.05.
For every 100 epochs, the learning rate is multiplied by
0.8. The computer environment for the experiments is as
follows: the processor is “AMD Ryzen 9 5900HX with Radeon
Graphics”; the graphics card is “NVIDIA GeForce RTX 3070”
with “CUDA version 11.2”; the programming language and
the deep learning platform are Python (version 3.7.11) and
Tensorflow (version 1.15.4), respectively1.

1The source code is available at https://github.com/JunYue0214

IV. RESULTS AND DISCUSSION

A. Accuracies

To verify the accuracy of the HSI classification method
under open-set setting, we conducted related experiments on
the ordinary openness settings and the high openness setting,
and reported the accuracies under different openness condi-
tions. In order to verify the robustness of the proposed method
under various conditions to prevent accidental errors, we have
conducted ten independent Monte Carlo runs, calculated the
average accuracies, and reported the standard deviation of the
ten conducted Monte Carlo runs. In addition, we follow the
previous studies [65], [67], [68], [23] to verify the robustness
of the proposed method under different sample conditions by
setting two sample selection conditions. For each experiment,
L training samples are randomly selected from each known
object class. In this experiment, L is set to 20 and 30 respec-
tively. We compared the proposed method with several state-
of-the-art (SOTA) open-set classification methods and SOTA
HSI classification methods. Open-set classification methods
include MDL4OW (multitask deep learning method for the
open world) [65], Classification-Reconstruction learning for
Open-Set Recognition (CROSR) [40]. Traditional SOTA HSI
classification methods include DFSL (deep few-shot learning
for HSI classification) [67], 3D-CNN [69], CDCNN(contextual
deep CNN) [70]. These comparison methods include both
SOTA open-set classification methods and traditional SOTA
HSI classification methods. Therefore, they can be used to
comprehensively verify the effectiveness of the proposed
SSLR method.

For the UP dataset, we report the class by class accuracy,
open OA, open AA and F1 score of the proposed method and
the comparison methods in Table II. From this table, we can
see that compared with the CDCNN method, when L = 20,
the open OA, open AA and F1 score of SSLR are increased
by 10.6%, 15.1%, and 5.8%, respectively. Compared with the
3D-CNN method, when L = 20, the open OA, open AA
and F1 score of SSLR are increased by 7.8%, 14.4%, and
4%, respectively. Compared with the DFSL method, when
L = 20, the open OA, open AA and F1 score of SSLR
are increased by 5.5%, 10.2%, and 2.6%, respectively. When
L = 30, compared with the CDCNN method and the 3D-CNN
method, the open OA of SSLR is increased by 10.1% and 8%,
and the open AA of SSLR is increased by 14.9% and 14.9%,
respectively. For the F1 score, we can see that compared with
the CDCNN method, when L = 30, the F1 score of SSLR
is increased by 5.2%. Compared with the 3D-CNN method,
when L = 30, the F1 score of SSLR is increased by 4%.
When L = 30, compared with the DFSL method, the F1 score
of the proposed method has been increased from 91.7% to
93.4%. The classification maps of the proposed method and
the comparison methods are shown in Fig. 8.

From Table II, we can see that the proposed SSLR can
achieve better performance compared with the SOTA open-set
recognition methods. Specifically, compared with the CROSR
method, the open OA and AA of SSLR are increased by
3.3% and 7.2% when L = 20, respectively. Compared with
the MDL4OW method, the open OA and AA of SSLR are
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Fig. 7: Sensitivity analysis on the UP, SA and HU datasets. (a)-(c) The accuracies with different number of progressive residual
convolution modules. (d)-(f) The accuracies with different number of principal components.

TABLE II: Classification results (%) by using 20 and 30 labeled samples for both known and unknown classes on the UP
dataset with the ordinary openness open-set setting.

Class L = 20 L = 30
CDCNN 3D-CNN DFSL CROSR MDL4OW Ours CDCNN 3D-CNN DFSL CROSR MDL4OW Ours

1 79.8±4.9 71.6±3.2 81.4±3.1 79.0±3.5 88.7±3.1 91.3±2.1 81.3±4.9 87.7±4.0 89.2±3.4 81.4±3.7 91.9±3.3 89.7±2.1
2 75.5±3.3 86.8±4.0 82.6±3.2 89.3±1.3 86.3±2.6 87.9±2.3 77.9±4.8 84.0±3.8 86.4±3.4 90.0±1.3 87.1±2.6 87.8±2.0
3 65.7±1.9 78.4±4.0 76.5±4.6 78.1±2.2 91.3±0.3 91.1±0.5 77.8±2.2 83.5±4.3 82.3±4.9 80.9±2.2 88.4±0.3 92.6±0.5
4 87.0±3.8 74.0±3.3 89.0±2.6 90.6±1.3 89.0±2.6 75.6±2.1 85.6±3.7 76.6±3.5 86.6±2.6 90.6±1.2 92.6±2.7 84.1±2.6
5 57.6±1.7 68.0±2.8 78.2±1.1 78.3±1.1 78.7±0.3 87.1±0.5 75.2±2.1 70.7±3.1 86.3±1.3 75.2±1.0 83.2±0.3 94.8±0.6
6 93.1±2.8 81.6±3.7 92.2±2.7 82.6±2.5 85.1±0.3 90.0±0.8 92.2±2.8 78.7±3.5 85.1±2.4 87.3±2.6 93.0±0.3 98.1±0.6
7 85.4±3.8 86.3±3.9 83.5±5.2 83.9±3.8 95.7±1.4 95.4±0.8 87.1±4.0 91.2±4.0 89.1±5.4 85.9±3.9 92.9±1.3 92.5±2.7
8 75.4±4.7 79.9±3.6 81.9±2.3 81.7±1.2 76.7±4.7 85.6±2.6 76.1±4.7 79.7±3.5 86.8±2.6 81.1±1.2 77.9±4.7 88.1±2.6
Novel 3.8±2.1 3.6±2.2 2.9±2.0 30.8±3.6 42.3±2.8 55.8±1.8 3.1±2.0 3.7±2.5 2.5±1.7 37.6±3.2 43.7±3.0 62.7±1.1

OA 76.7±3.5 79.5±3.7 81.8±3.0 84.0±1.8 85.2±2.2 87.3±1.8 79.0±4.2 81.1±3.7 84.8±3.2 85.4±1.8 87.3±2.3 89.1±1.8
AA 69.3±3.2 70.0±3.4 74.2±3.0 77.2±1.5 81.5±1.4 84.4±1.1 72.9±3.5 72.9±3.6 77.2±3.1 78.9±1.5 83.4±1.4 87.8±1.4
F1 86.7±2.2 88.5±2.2 89.9±1.8 90.9±1.1 91.5±1.3 92.5±1.1 88.2±2.6 89.4±2.2 91.7±1.8 91.6±1.1 92.6±1.3 93.4±1.0

TABLE III: Classification results (%) by using 20 and 30 labeled samples for both known and unknown classes on the UP
dataset with the high openness open-set setting.

Class L = 20 L = 30
CDCNN 3D-CNN DFSL CROSR MDL4OW Ours CDCNN 3D-CNN DFSL CROSR MDL4OW Ours

1 82.8±4.9 76.8±4.4 87.2±3.2 82.8±3.6 87.4±3.0 88.2±1.9 85.5±5.1 91.2±3.9 88.8±3.3 84.8±3.7 84.0±2.8 87.5±1.9
2 75.1±3.1 79.6±3.3 79.4±2.9 79.0±1.1 83.4±2.3 87.9±2.2 78.3±3.3 81.3±3.4 83.7±3.0 80.5±1.1 89.9±2.5 88.6±2.0
3 86.5±2.5 88.6±2.5 77.6±4.5 85.8±2.5 89.0±0.3 89.7±0.5 79.1±2.2 81.1±4.1 85.7±5.0 87.3±2.6 88.6±0.2 94.7±0.6
4 81.1±3.4 85.5±3.7 90.3±2.5 84.3±1.1 87.2±2.4 81.2±2.2 85.3±3.6 73.7±3.2 88.2±2.5 85.5±1.2 84.9±2.3 80.9±2.1
5 82.5±2.2 78.0±2.1 86.2±1.2 86.2±1.1 88.9±0.3 85.8±0.5 83.1±2.3 82.6±3.6 85.4±1.2 85.4±1.1 89.0±0.3 96.6±0.5
6 81.1±2.3 82.8±2.3 87.0±2.5 83.6±2.3 87.4±0.3 89.3±0.7 87.1±2.3 84.2±3.6 77.5±2.2 81.5±2.2 88.1±0.3 88.0±0.5
Novel 2.5±1.6 3.0±1.9 2.7±1.8 45.0±2.9 46.8±0.9 60.2±0.7 3.0±1.9 3.4±2.1 2.9±1.8 47.5±2.7 53.8±0.8 67.0±1.1

OA 72.5±2.8 73.6±2.8 76.3±2.4 78.6±1.3 82.5±1.6 85.1±1.6 74.9±2.9 76.1±3.1 77.7±2.4 79.7±1.3 85.3±1.7 87.3±1.4
AA 70.2±2.4 70.6±2.3 72.9±2.1 78.1±1.3 81.5±1.1 83.2±1.2 71.6±2.4 71.1±2.8 73.2±2.2 78.9±1.3 82.6±1.1 86.2±0.9
F1 83.9±2.0 84.6±2.0 86.4±1.6 85.6±1.0 88.0±1.1 88.9±1.0 85.5±2.0 86.2±2.1 87.3±1.6 86.2±1.0 89.3±1.1 89.8±0.9
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Fig. 8: The classification results of the UP dataset. (a) CDCNN (L = 20). (b) 3D-CNN (L = 20). (c) DFSL (L = 20). (d)
CROSR (L = 20). (e) MDL4OW (L = 20). (f) The proposed SSLR (L = 20). (g) CDCNN (L = 30). (h) 3D-CNN (L = 30).
(i) DFSL (L = 30). (j) CROSR (L = 30). (k) MDL4OW (L = 30). (l) The proposed SSLR (L = 30).

increased by 1.8% and 4.4% when L = 30, respectively. For
the F1 score, compared with the CROSR method, the F1 score
of SSLR is increased by 1.6% when L = 20. Compared with
the MDL4OW method, the F1 score of SSLR is increased by
1% when L = 20. When L = 30, the F1 score of SSLR has
been improved by 1.8% and 0.8% compared with the CROSR
method and the MDL4OW method, respectively.

For the high openness setting of UP dataset, we report the
class by class accuracy, open OA, open AA and F1 score of
the proposed method and the comparison methods in Table
III. Compared with the MDL4OW method, the open OA
and AA of SSLR are increased by 2.6% and 1.7% when
L = 20, respectively. When L = 30, compared with the
CROSR method and the DFSL method, the open OA of SSLR
is increased by 7.6% and 9.6%, and the open AA of SSLR is
increased by 7.3% and 13%, respectively.

In the high openness setting of UP dataset, in addition to
comparing the above open-set classification methods and tra-
ditional HSI classification methods, we also add the attention-
based methods and the graph based method, including Vision
Transformer (ViT) [71], SpectralFormer [31] and Graph Con-
volutional Network (GCN) [72] for comparison. The results
(open OA, open AA and F1 score) of the proposed method and
the comparison methods are reported in Table IV. Compared
with the graph-based method (i.e., GCN), the open OA, open
AA and F1 of the proposed method are increased by 10.9%,
11.9% and 8.3% when L = 20, respectively. Compared with
the attention-based methods (i.e., ViT and SpectralFormer), the
open OA of the proposed method is increased by 12.8% and
8.6% when L = 20, respectively. When L = 30, compared
with SpectralFormer, the open OA and open AA of SSLR are
increased by 9.5% and 12.4%, respectively. It can be seen from
Table IV that the proposed SSLR can effectively improve the

performance of HSI classification under open-set environment.

TABLE IV: Comparison between the proposed method and
the attention and graph based methods on the UP dataset with
the high openness open-set setting.

Methods L = 20 L = 30

ViT
OA 72.3±3.1 73.6±2.9
AA 71.9±3.2 72.1±3.1
F1 78.5±2.7 80.2±2.5

GCN
OA 74.2±3.0 75.5±2.8
AA 71.3±2.5 72.1±2.3
F1 80.6±2.1 81.3±2.0

SpectralFormer
OA 76.5±2.7 77.8±2.4
AA 71.9±2.5 73.8±2.3
F1 82.6±2.1 83.5±2.1

Ours
OA 85.1±1.6 87.3±1.4
AA 83.2±1.2 86.2±0.9
F1 88.9±1.0 89.8±0.9

For the SA dataset, we report the class by class accuracy,
open OA, open AA and F1 score of the proposed method and
the comparison methods in Table V. From this table, we can
see that compared with the CDCNN method, when L = 20,
the open OA and open AA of SSLR are increased by 7.6% and
9.4%, respectively. Compared with the 3D-CNN method, when
L = 20, the OA and AA of SSLR are increased by 6.2% and
8.3%, respectively. Compared with the DFSL method, when
L = 20, the OA and AA of SSLR are increased by 6.1%
and 8.2%, respectively. When L = 30, compared with the
CDCNN method and the 3D-CNN method, the open OA of
SSLR is increased by 6.9% and 5.8%, and the open AA of
SSLR is increased by 7.8% and 6.9%, respectively. For the F1
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Fig. 9: The classification results of the SA dataset. (a) CDCNN (L = 20). (b) 3D-CNN (L = 20). (c) DFSL (L = 20). (d)
CROSR (L = 20). (e) MDL4OW (L = 20). (f) The proposed SSLR (L = 20). (g) CDCNN (L = 30). (h) 3D-CNN (L = 30).
(i) DFSL (L = 30). (j) CROSR (L = 30). (k) MDL4OW (L = 30). (l) The proposed SSLR (L = 30).

score, we can see that compared with the CDCNN method,
when L = 20, the F1 score of SSLR is increased by 3.5%.
Compared with the 3D-CNN method, when L = 20, the F1
score of SSLR is increased by 2.6%. Compared with the DFSL
method, when L = 20, the F1 score of SSLR is increased by
2.6%. When L = 30, compared with the DFSL method, the F1
score of the proposed method has been increased from 91.0%
to 92.6%. The classification maps of the proposed method and
the comparison methods are shown in Fig. 9.

From Table V, we can see that the proposed SSLR can
achieve better performance compared with the SOTA open-set
recognition methods. Specifically, compared with the CROSR
method, the open OA and AA of SSLR are increased by
3.8% and 5.1% when L = 20, respectively. Compared with
the MDL4OW method, the open OA and AA of SSLR are
increased by 2.1% and 1.7% when L = 30, respectively. For
the F1 score, compared with the CROSR method, the F1 score
of SSLR is increased by 2.2% when L = 20. Compared with
the MDL4OW method, the F1 score of SSLR is increased by
0.8% when L = 20. When L = 30, the F1 scores of SSLR has
been improved by 1.7% and 1% compared with the CROSR
method and the MDL4OW method, respectively.

For the HU dataset, we report the class by class accuracy,
open OA, open AA and F1 score of the proposed method and
the comparison methods in Table VI. From this table, we can
see that compared with the CDCNN method, when L = 20,
the open OA and open AA of SSLR are increased by 7.2% and

5.1%, respectively. Compared with the 3D-CNN method, when
L = 20, the OA and AA of SSLR are increased by 6.4% and
4.4%, respectively. Compared with the DFSL method, when
L = 20, the OA and AA of SSLR are increased by 6.3%
and 4.1%, respectively. When L = 30, compared with the
CDCNN method and the 3D-CNN method, the open OA of
SSLR is increased by 6.9% and 6%, and the open AA of
SSLR is increased by 4.7% and 3.8%, respectively. For the F1
score, we can see that compared with the CDCNN method,
when L = 20, the F1 score of SSLR is increased by 2.9%.
When L = 30, compared with the DFSL method, the F1 score
of the proposed method has been increased from 85.3% to
87.2%. The classification maps of the proposed method and
the comparison methods are shown in Fig. 10.

From Table VI, we can see that the proposed SSLR can
achieve better performance compared with the SOTA open-set
recognition methods. Specifically, compared with the CROSR
method, the open OA and AA of SSLR are increased by
3.2% and 2.3% when L = 20, respectively. Compared with
the MDL4OW method, the open OA and AA of SSLR are
increased by 3% and 2.3% when L = 30, respectively. For
the F1 score, compared with the CROSR method, the F1 score
of SSLR is increased by 0.6% when L = 20. Compared with
the MDL4OW method, the F1 score of SSLR is increased by
0.4% when L = 20. When L = 30, the F1 score of SSLR has
been improved by 1.2% and 0.7% compared with the CROSR
method and the MDL4OW method, respectively.
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TABLE V: Classification results (%) by using 20 and 30 labeled samples for both known and unknown classes on the SA
dataset.

Class L = 20 L = 30
CDCNN 3D-CNN DFSL CROSR MDL4OW Ours CDCNN 3D-CNN DFSL CROSR MDL4OW Ours

1 83.8±2.5 84.6±2.7 84.6±2.6 84.7±2.7 91.2±0.6 85.5±2.7 85.5±2.7 86.5±2.8 86.3±3.0 86.4±2.8 92.3±0.5 81.5±2.0
2 85.4±1.6 86.5±1.5 86.5±1.4 86.4±1.6 95.0±0.2 88.2±2.8 87.3±1.6 88.2±1.5 88.3±1.6 88.3±1.6 95.7±0.2 86.3±2.0
3 85.8±1.3 87.8±0.6 87.2±1.1 88.5±0.2 84.7±8.7 94.4±3.0 89.0±0.5 89.6±0.7 90.4±0.2 90.4±0.2 84.4±8.8 96.7±1.5
4 87.7±0.3 88.5±0.3 88.7±0.2 88.6±0.3 84.6±8.8 94.0±3.0 89.5±0.3 90.3±0.3 90.3±0.3 90.3±0.2 84.7±8.8 98.8±0.2
5 81.6±4.0 82.9±3.9 82.7±3.9 82.6±3.9 87.0±0.5 95.5±1.5 83.7±3.9 84.7±3.8 84.5±3.8 84.8±3.8 91.0±0.3 95.6±0.5
6 84.6±2.1 85.7±2.1 85.6±2.1 85.4±2.2 86.9±2.7 90.0±2.8 86.4±2.2 87.4±2.1 87.3±2.1 87.2±2.3 88.6±2.7 87.4±2.8
7 85.7±1.5 86.3±1.6 86.4±1.6 85.8±1.8 88.4±2.7 88.6±2.8 87.2±1.6 88.0±1.8 87.7±1.9 87.8±1.8 90.2±2.8 80.2±2.5
8 70.3±11.3 73.9±9.5 73.8±9.6 77.9±6.9 77.6±2.4 78.3±2.4 74.1±10.0 74.7±10.1 82.1±5.4 81.4±6.0 82.4±2.6 84.7±2.6
9 87.7±0.1 88.7±0.1 88.7±0.1 88.7±0.1 94.1±3.0 94.2±2.9 89.6±0.2 90.5±0.2 90.5±0.2 90.5±0.1 94.3±2.9 95.5±1.5
10 84.8±1.9 85.6±2.1 86.1±1.8 87.1±1.1 91.0±1.4 94.7±1.4 86.8±2.0 88.7±1.3 88.2±1.6 88.2±1.6 93.0±1.4 95.3±1.5
11 87.9±0.2 88.7±0.2 88.8±0.1 88.8±0.1 95.9±1.5 95.9±1.5 89.8±0.1 90.6±0.2 90.7±0.2 90.8±0.2 95.9±1.4 96.8±1.5
12 87.8±0.3 88.7±0.4 88.7±0.2 88.7±0.3 95.9±1.5 96.0±1.4 89.6±0.2 90.3±0.3 90.7±0.3 90.7±0.2 95.8±1.5 96.4±1.5
13 84.3±2.4 84.0±3.1 84.5±2.7 82.8±3.8 79.6±2.4 84.1±2.6 85.1±2.9 86.9±2.4 84.5±4.0 84.4±4.0 75.3±2.3 88.9±2.8
14 87.3±0.3 88.2±0.4 88.2±0.4 88.3±0.4 98.6±0.1 95.0±1.4 89.2±0.3 90.1±0.4 90.0±0.5 90.0±0.5 98.6±0.1 93.8±1.5
Novel 1.8±1.0 2.5±1.3 3.5±1.8 47.0±3.7 44.0±1.9 53.3±1.6 1.7±0.9 2.4±1.3 3.5±1.8 47.0±3.7 44.0±1.8 54.6±1.5

OA 79.2±3.5 80.6±3.3 80.7±3.2 83.0±2.9 85.0±2.1 86.8±2.3 81.3±3.4 82.4±3.3 83.6±2.5 85.0±2.7 86.1±2.2 88.2±1.8
AA 79.1±2.0 80.2±1.9 80.3±1.9 83.4±1.9 86.3±2.1 88.5±2.0 81.0±1.9 81.9±1.9 82.3±1.7 85.2±1.9 87.1±2.2 88.8±1.4
F1 88.3±2.2 89.2±2.0 89.2±2.0 89.6±1.7 91.0±1.3 91.8±1.4 89.6±2.0 90.2±2.0 91.0±1.5 90.9±1.5 91.6±1.3 92.6±1.1
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Fig. 10: The classification results of the HU dataset. (a) CDCNN (L = 20). (b) 3D-CNN (L = 20). (c) DFSL (L = 20). (d)
CROSR (L = 20). (e) MDL4OW (L = 20). (f) The proposed SSLR (L = 20). (g) CDCNN (L = 30). (h) 3D-CNN (L = 30).
(i) DFSL (L = 30). (j) CROSR (L = 30). (k) MDL4OW (L = 30). (l) The proposed SSLR (L = 30).

In order to verify the effectiveness of the proposed method
in complex scene with open-set setting, comparative experi-
ments are conducted on Houston 2018 dataset [73]. The spatial
resolution and image size of the Houston 2018 dataset are 1m
and 601 × 2384. For the HSI, the wavelength range is 0.38 µm
to 1.05 µm. The number of spectral channels corresponding to
the HSI is 48. This dataset contains 20 object classes, such as

roads, sidewalks and railways. We follow the previous study
[74] to select the training and testing samples. In the open-
set setting of Houston 2018 dataset, three classes (i.e., stadium
seats, paved parking lots and unpaved parking lots) are selected
as the unknown open class, and the remaining 17 classes are
selected as the known classes.

The open OA, open AA and F1 score of the proposed
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TABLE VI: Classification results (%) by using 20 and 30 labeled samples for both known and unknown classes on the HU
dataset.

Class L = 20 L = 30
CDCNN 3D-CNN DFSL CROSR MDL4OW Ours CDCNN 3D-CNN DFSL CROSR MDL4OW Ours

1 88.9±4.2 90.8±3.8 91.0±3.6 88.6±4.2 87.2±1.2 87.9±0.9 83.7±3.3 90.0±3.1 93.0±3.1 90.7±3.5 88.9±0.5 89.6±0.4
2 92.6±4.4 93.0±3.7 94.1±3.7 93.0±4.4 88.8±0.2 89.0±0.3 93.3±4.1 94.4±3.6 94.8±3.2 92.0±3.7 89.1±0.3 89.8±0.4
3 93.2±4.5 94.0±3.8 94.4±3.7 93.2±4.4 89.3±0.4 89.2±0.3 93.6±4.0 94.3±3.6 95.1±3.2 92.8±3.6 89.3±0.2 90.1±0.1
4 91.9±4.2 93.1±3.8 88.9±3.4 87.5±4.1 86.6±1.4 86.6±1.8 88.0±3.7 88.8±3.1 94.0±3.1 90.9±3.8 87.4±1.3 87.9±1.3
5 92.3±4.3 92.5±4.0 93.2±3.6 93.0±4.4 89.1±0.3 88.9±0.2 92.5±4.0 93.6±3.6 94.7±3.2 92.8±3.7 89.5±0.2 90.0±0.3
6 86.2±3.9 85.5±3.4 87.4±3.2 83.3±3.9 86.5±1.6 87.2±1.4 86.9±3.5 89.1±3.5 87.9±2.9 87.2±3.5 87.6±1.2 88.2±1.1
7 65.5±2.3 68.1±2.7 72.0±2.5 68.7±3.3 79.9±5.7 81.7±4.8 84.6±3.4 75.7±2.5 75.1±2.4 72.4±2.9 79.4±6.5 83.2±4.4
8 80.7±3.7 82.5±3.3 74.0±2.6 81.0±3.4 85.4±2.0 85.4±2.1 77.9±2.9 85.0±3.1 76.0±2.1 85.2±3.4 83.9±3.8 88.1±1.3
9 90.6±4.2 88.6±3.6 92.6±3.5 92.2±4.2 88.9±0.3 88.8±0.3 90.5±3.9 92.4±3.6 92.6±2.9 91.4±3.6 88.8±0.6 89.8±0.3
10 78.8±3.2 76.8±3.0 78.3±3.0 79.3±3.6 82.4±4.4 86.6±1.5 79.6±3.3 80.9±2.8 80.4±2.3 81.7±3.0 87.2±1.4 86.5±2.1
11 84.6±3.7 88.2±3.6 92.9±3.4 90.9±4.3 87.6±0.9 88.6±0.3 91.0±4.1 90.8±3.3 94.0±3.0 88.4±3.6 87.9±0.9 89.2±0.6
Novel 6.9±3.8 8.2±4.4 5.7±2.1 35.5±2.0 39.5±2.1 54.2±1.5 8.6±3.6 6.9±3.8 5.6±2.1 34.2±2.1 40.2±2.0 55.2±1.5

OA 75.8±2.9 76.6±2.5 76.7±2.6 79.8±3.3 80.5±1.7 83.0±1.2 77.3±2.7 78.2±2.3 78.2±2.2 80.9±2.8 81.2±1.6 84.2±1.1
AA 79.4±3.2 80.1±2.8 80.4±2.8 82.2±3.5 82.6±1.6 84.5±1.2 80.9±3.0 81.8±2.6 81.9±2.4 83.3±3.0 83.3±1.5 85.6±1.1
F1 83.6±2.2 84.0±2.0 85.3±1.8 85.9±2.3 86.1±0.9 86.5±0.7 84.5±2.0 85.2±1.8 85.3±1.6 86.0±1.9 86.5±0.9 87.2±0.6

method and the comparison methods are reported in Table
VII. Compared with the MDL4OW method, the open OA and
AA of the proposed method are increased by 2.1% and 2.3%,
respectively. Compared with the SpectralFormer method and
the GCN method, the open OA of SSLR is increased by 7%
and 11.4%, and the open AA of SSLR is increased by 7.1%
and 11.5%, respectively. For the F1 score, compared with the
SpectralFormer method and the GCN method, the F1 of SSLR
is increased by 6.4% and 9.4%, respectively. From the above
results, it can be seen that the proposed method achieves the
best performance on the Houston 2018 dataset compared with
the open-set methods and the traditional HSI classification
methods.

TABLE VII: Classification results (%) for both known and
unknown classes on the Houston 2018 dataset.

Methods OA AA F1

CDCNN 65.7±4.0 64.7±4.2 68.5±3.8
3D-CNN 67.3±3.9 66.5±4.1 70.4±3.7

GCN 69.5±3.4 68.7±3.6 73.2±3.1
DFSL 72.1±3.2 70.9±3.5 73.5±2.9

SpectralFormer 73.9±2.9 73.1±3.1 76.2±2.7
CROSR 77.2±2.8 75.9±3.3 78.7±2.6

MLD4OW 78.8±2.7 77.9±3.1 80.3±2.5
Ours 80.9±2.3 80.2±2.5 82.6±2.1

B. Ablation Study

To verify the effectiveness of each module of the proposed
SSLR method under open-set setting, we conducted an ab-
lation study on three datasets (i.e. UP dataset, SA dataset
and HU dataset). In the experimental setup of this ablation
study, SSLR without the spectral latent reconstruction, SSLR
without the spatial latent reconstruction and SSLR without the
progressive residual convolution module were compared with
our proposed method. The relevant accuracy indicators and

TABLE VIII: Results of ten runs for the UP, SA and HU
datasets in the ablation study.

UP SA HU
L L = 20 L = 30 L = 20 L = 30 L = 20 L = 30

The proposed SSLR

OA 87.3±1.8 89.1±1.8 86.8±2.3 88.2±1.8 83.0±1.2 84.2±1.1
AA 84.4±1.1 87.8±1.4 88.5±2.0 88.8±1.4 84.5±1.2 85.6±1.1
F1 92.5±1.1 93.4±1.0 91.8±1.4 92.6±1.1 86.5±0.7 87.2±0.6

SSLR without spectral latent reconstruction

OA 85.8±2.2 87.9±2.0 85.2±2.4 86.4±2.3 80.3±2.0 81.5±2.1
AA 83.1±2.1 83.8±1.8 86.7±2.4 87.3±2.4 81.6±1.9 81.6±2.0
F1 89.7±1.9 91.5±1.7 90.2±1.7 91.0±1.6 83.9±1.7 84.4±1.9

SSLR without spatial latent reconstruction

OA 86.3±2.3 88.2±2.1 85.5±2.7 86.8±2.2 80.5±1.9 81.7±2.0
AA 83.9±2.1 84.2±2.0 86.8±2.6 87.5±2.5 81.8±2.1 81.9±1.8
F1 89.0±1.9 91.8±1.9 90.7±1.9 91.4±1.8 84.2±1.6 84.8±1.7

SSLR without progressive residual convolution module

OA 86.9±2.1 88.4±1.9 86.1±2.9 87.0±2.2 80.7±1.8 81.8±1.7
AA 83.8±1.6 84.7±1.7 87.2±2.5 87.9±2.6 82.1±1.7 82.3±1.6
F1 91.2±1.5 92.1±1.4 91.1±2.0 91.8±1.7 84.7±1.5 85.2±1.8

results of the ablation study are shown in Table VIII. It can be
seen from the table that each module proposed in this paper
plays a very important role on improving the accuracy.

For the UP dataset, when the spectral latent reconstruction
is removed, in the case of L = 20, the open OA of SSLR
is reduced by 1.5%. When the spatial latent reconstruction is
removed, the open OA of SSLR is reduced by 1% (L = 20).
After removing the progressive residual convolution module,
the open OA of SSLR decreases by 0.4% (L = 20). In the
case of L = 30, when the spectral latent reconstruction is
removed, the open OA, open AA and F1 score of SSLR are
reduced by 1.2%, 4% and 1.9%.

For the SA dataset, when the spatial latent reconstruction
is removed, the open OA, open AA and F1 score of SSLR
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are reduced by 1.4%, 1.3% and 1.2% (L = 30), respectively.
After removing the progressive residual convolution module,
the open OA, open AA and F1 score of are reduced by 1.2%,
0.9% and 0.8% (L = 30), respectively. When the spectral
latent reconstruction is removed, in the case of L = 20, the
open OA of SSLR is reduced by 1.6%. When the spatial latent
reconstruction is removed, the open OA of SSLR is reduced
by 1.3% (L = 20). After removing the progressive residual
convolution module, the open OA of SSLR decreases by 0.7%
(L = 20).

For the HU dataset, when the spectral latent reconstruction
is removed, in the case of L = 20, the open OA of SSLR
is reduced by 2.7%. When the spatial latent reconstruction is
removed, the open OA of SSLR is reduced by 2.5% (L = 20).
After removing the progressive residual convolution module,
the open OA of SSLR decreases by 2.3% (L = 20). In the case
of L = 30, when the spectral latent reconstruction is removed,
the open OA, open AA and F1 score of SSLR are reduced by
2.7%, 4% and 2.8%. When the spatial latent reconstruction is
removed, the open OA, open AA and F1 score of SSLR are
reduced by 2.5%, 3.7% and 2.4% (L = 30), respectively.

C. Computational Cost

In this paper, we report the training times and inference
times of the proposed method and the comparison methods
in Table IX on the UP dataset. In this table, we can see that
the training time and inference time of this method are less
than those of the comparison methods. Specifically, when L =
30, compared with the CDCNN method, the training time is
reduced from 113.76s to 65.94s. When L = 20, compared
with the MDL4OW method, the inference time is reduced from
32.28s to 30.87s.

TABLE IX: Training and inference time (s) on the UP dataset.

Methods Training time Inference time
L = 20 L = 30 L = 20 L = 30

CDCNN 96.87 113.76 32.70 32.89
3D-CNN 101.29 123.47 33.54 34.45
DFSL 96.94 115.45 44.59 44.28
CROSR 67.93 78.84 43.23 42.91
MDL4OW 60.98 89.87 32.28 31.98
Ours 58.76 65.94 30.87 30.14

V. CONCLUSION

Despite the method based on deep learning has achieved
success in HSI classification, it still lacks robustness in dealing
with unknown classes (those other than known classes) in
OSE. The existing open-set classifiers rely on the network
trained using the known samples in the training set, which
may cause the learned features to retain more information
that can help the classification of known classes, and it is
likely to ignore the information that can be used to distinguish
between known and unknown classes. In order to improve the
robustness of HSI classification method in OSE and maintain

its classification accuracy in CSE, a spectral spatial latent
reconstruction framework for spectral feature reconstruction,
spatial feature reconstruction and pixel by pixel classifica-
tion in OSE is proposed. By reconstructing the spectral and
spatial features of HSI, the learned spectral-spatial features
are enhanced, thereby retaining more effective spectral-spatial
information, which can be used to separate unknown classes
from known classes and classify known classes. Comprehen-
sive comparison experiments show that the performance of
the proposed method is better than existing deep open-set
classifiers in multiple HSI datasets. Next, we will continue
to explore other hyperspectral data processing tasks in the
OSE (such as object detection and instance segmentation), and
explore how to achieve end-to-end open-set HSI classification.
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