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Unsupervised cross-scene hyperspectral image classification

(HSIC) aims to apply knowledge acquired from a source

scene to recognize the similar target scenes, even when there

are no labeled samples available for the new scene.

Nowadays, numerous studies have been made for cross-

scene hyperspectral image classification. For example, Yang

et al. [1] extended the manifold alignment methods based on

the assumption of local geometric similarity across scenes,

achieving simultaneous alignment of spatial and spectral fea-

tures. Ye et al. [2] employed dictionary learning to project

cross-scene spectral features into a shared latent space,

aligning spectral distributions and mitigating the influence

of domain shift on classification performance. Although

these traditional methods mentioned above can ensure the

consistency of feature distributions across scenes by learn-

ing linear or nonlinear transformations, the use of handcraft

features limits their ability to capture impressive features

from diverse data. Because of the superior performance of

the deep learning model in feature extraction, it has been

broadly applied in domain adaptation. Zhang et al. [3] de-

signed a novel discriminative cooperative alignment method

to decrease the geometric and statistical shift, which utilized

maximum mean discrepancy to align the global marginal

distribution and the subspace alignment. Tang et al. [4] in-

troduced the concept of adversarial learning and designed an

HSI cross-scene classification framework that achieves both

domain-level and category-level feature alignment.

Although these methods improve the classification per-

formance of hyperspectral images (HSIs), there are still

several issues for cross-scene HSIC. (1) Existing feature

alignment methods heavily depend on high-quality pseudo-

labels. However, during the initial training phase, the gen-

erated pseudo-labels tend to be noisy due to domain shift.

These low-quality pseudo-labels can lead to negative trans-

fer, thereby reducing classification accuracy. (2) The hy-

perspectral image is susceptible to various factors like light-

ing, atmospheric conditions, and imaging sensors, leading to

spectral differences of the same land cover. Therefore, sin-

gle domain-level or category-level alignment while ignoring

sample-level differences leads to the unsatisfied classification

results in the target scene.

To tackle these issues, a novel unsupervised domain adap-

tation (UDA) framework named PJANet is proposed, which

can efficiently narrow the distribution gap among various

scenes. Specifically, a convolutional neural network (CNN)

is applied to extract important features from different scenes

at first, in which a classic spectral-spatial attention (SS-

att) mechanism is applied to obtain discriminative features.

Then, since the spectral shift in the early stages of training

may lead to a decrease in model fitting accuracy, a novel pro-

gressive joint distribution alignment (PJDA) strategy is de-

signed to achieve finer distribution alignment of cross scenes.

The DeepCoral method is employed to match the feature

distribution across different scenes in the early stages of

training, which can reduce domain distribution differences

and enhance the consistency of representations for similar

land covers across different scenes. In addition, we utilize the

feature consistency concept to obtain pseudo-labels for the

target scene by calculating feature similarity across scenes.

After an initial phase of feature alignment, we utilized the

pseudo-labels from the target scene and introduced con-

trastive learning to develop a cross-sample alignment (CSA)

module. This module efficiently minimizes the distances be-

tween similar samples from different scenes while increasing

the distances between dissimilar samples. As a result, it

further mitigates domain shift, resulting in superior cross-

scene HSIC performance. Experiments on three widely used

datasets confirm the efficacy of the proposed PJANet.

Proposed PJANet for cross-scene hyperspectral image

classification. Figure 1 presents the flowchart of our method,

including feature extraction and progressive joint distribu-

tion alignment. Specifically, we select two HSI patches

Is ∈ Rp×p×B and It ∈ Rp×p×B from labeled source scene

Ds and unlabeled target scene Dt, respectively, where p is

the input image size and B denotes the amount of spec-

tral bands. They are fed into the feature extractor at the

same time. In order to further enhance characterization

capabilities of the feature extractor, an SS-att mechanism
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Figure 1 (Color online) Flowchart of the proposed progressive joint alignment network. CSA is short for cross-sample alignment.

During the initial training stage, the feature distribution alignment (FDA) is used to minimize the disparity across scenes. After

performing several epochs, the FDA and the CSA are simultaneously utilized to help the model achieve finer alignment.

is adopted in the feature extraction process. Furthermore,

a novel progressive joint distribution alignment strategy is

proposed to narrow the distribution gap across scenes, which

mainly contains three steps, i.e., FDA, CSA, and progres-

sive joint distribution alignment. First, the FDA is applied

to match the feature distribution across scenes. Then, ac-

cording to the feature similarity across scenes, we can esti-

mate pseudo-labels in the target scene. After optimizing the

model with FDA for a period of time, the CSA is employed

to align the sample distribution. Finally, the FDA and CSA

are jointly used to simultaneously achieve domain-level and

sample-level alignment.

Step 1. In order to learn the latent representation of

cross-scene hyperspectral images, a deep CNN, i.e., Resnet-

50, is utilized to obtain discriminative features, where an

efficient attention mechanism is employed to enhance repre-

sentation ability and suppress the unimportant information.

Then, a linear layer with a rectified linear activation unit

(ReLU) is used to enhance the non-linear representation of

the extracted features. Specifically, the Resnet-50 is applied

as the feature extractor f , i.e., Fs = f (Is) and Ft = f (It).

The detailed steps of the spectral-spatial feature extraction

are presented in Appendix B.

Step 2. Due to the presence of spectral shift phenomena

in cross-scenes, the training model with source data can-

not obtain satisfactory classification results on the target

scene. In this work, the progressive joint distribution align-

ment strategy is proposed to capture the domain-invariant

information. Specifically, in the preliminary stage of the

training process, the FDA method is utilized to match the

feature distribution of different scenes. After several epochs

of training, both the FDA and CSA are employed concur-

rently to align the sample distribution and feature distri-

bution across scenes. In this scenario, the PJDA strat-

egy achieves domain-level and sample-level alignment simul-

taneously, thereby further enhancing classification perfor-

mance across scenes. The detailed steps can be found in

Appendix C.

Feature extraction loss: During the feature extraction

process, a widely used classification loss, i.e., cross entropy

loss, is employed to update weights of the proposed network.

The feature extraction loss can be expressed in (B5).

FDA loss: The DeepCoral loss is introduced to align

the feature distribution across scenes. Specifically, the co-

variance matrices of cross-domain features Ms and Mt are

first calculated. Then, the DeepCoral loss LFDA is expressed

as LFDA = 1

4d2
‖Ms −Mt‖

2
F .

CSA loss: To achieve finer sample-level alignment, a

contrastive loss is introduced to learn significant feature rep-

resentation and enhance feature discrimination. Therefore,

for each I
i
s ∈ Qs, we can construct a set of positive sam-

ple pairs Qi+
t =

{

I
j
t ∈ Qt

∣
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Mij = 1

}

and negative sample

pairs Qi−
t =

{

I
j
t ∈ Qt

∣

∣

∣
Mij = −1

}

, where Qs and Qt are

the source and target batches, respectively.

Experimental results on several hyperspectral datasets

(shown in Appendix E) reveal that our method can exceed

the cutting-edge classification techniques with regard to vi-

sual and objective results.
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