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Abstract
To address the problem that traditional hyperspectral image classification al-
gorithms ignore spatial features, this paper proposes a hyperspectral image
classification algorithm based on Gabor features and decision fusion. First,
adjacent and highly correlated spectral bands are intelligently grouped via a
coefficient correlation matrix; subsequently, Gabor features are extracted from
each group within the PCA projection subspace to quantify local directional and
scale characteristics; then, locality-preserving non-negative matrix factorization
is employed to reduce the dimensionality of these feature subspaces; finally,
Gaussian mixture model classification is applied to the dimensionality-reduced
features, and the classification results are merged using a logarithmic opinion
pool decision fusion rule. Experimental results indicate that the proposed al-
gorithm outperforms a total of eight state-of-the-art classification algorithms,
encompassing both traditional and existing approaches.
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Abstract: Traditional hyperspectral image classification algorithms often ne-
glect spatial features. To address this limitation, this paper proposes a novel
hyperspectral image classification algorithm based on Gabor features and de-
cision fusion. First, adjacent and highly correlated spectral bands are intelli-
gently grouped using a coefficient correlation matrix. Next, Gabor features are
extracted from each group within a PCA projection subspace to quantify lo-
cal directional and scale characteristics. Then, locality-preserving non-negative
matrix factorization is employed to reduce the dimensionality of these feature
subspaces while preserving local structure. Finally, a Gaussian mixture model
classifier is applied to the reduced-dimensional features, and classification results
are merged using a logarithmic opinion pool decision fusion rule. Experimental
results demonstrate that the proposed algorithm outperforms eight traditional
and state-of-the-art classification methods.

Keywords: hyperspectral image; classification; Gabor features; Gaussian mix-
ture model; decision fusion; PCA projection

0 Introduction
Hyperspectral images (HSI) record hundreds of spectral bands for each pixel,
providing high spectral resolution and enhanced potential for robust image clas-
sification [1,2]. However, this high dimensionality degrades the generalization
capability of statistical classifiers, such as maximum likelihood estimators based
on Gaussian class-conditional statistics [3]. Consequently, dimensionality reduc-
tion algorithms are typically required to project HSI data into lower-dimensional
spaces, including conventional principal component analysis [4], Fisher linear
discriminant analysis (LDA) [5], and numerous variants of these methods.

Li et al. [6] proposed a hyperspectral image classification method based on Gaus-
sian mixture models and Markov random fields, employing locality-preserving
non-negative matrix factorization and local Fisher discriminant analysis as pre-
processing steps to reduce data dimensionality for the Gaussian mixture model
classifier while preserving multimodal structures within the data. Kuo et al. [7]
developed a kernel-based feature selection method for RBF kernel SVM clas-
sification of hyperspectral images, enabling both feature subset selection and
feature ranking based on computed coefficient magnitudes. Since SVM is in-
sensitive to HSI dimensionality and Markov random fields can capture complex
spatial contextual information, SVM-MRF frameworks have been applied to
HSI classification.

Additional HSI classification approaches include local binary patterns, sparse
representation, and machine learning methods. Li et al. [8] utilized local bi-
nary patterns to extract local image features, employing both feature-level and
decision-level fusion of these features with an extreme learning machine classifier.
Zhang et al. [9] proposed a nonlocal weighted joint sparse representation classi-
fication method that outperforms other sparsity-based algorithms and classical
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SVM approaches. Liang and Li [10] exploited sparse representation of deep
learning features for remote sensing image classification, using convolutional
neural networks to extract deep features from high-level image data within a
sparse representation classification framework. Tao et al. [11] applied stacked
sparse autoencoders for spatial feature learning in hyperspectral image classifi-
cation, enabling adaptive learning of appropriate feature representations from
unlabeled data.

Li and Du [12] demonstrated that two-dimensional Gabor features extracted in
PCA projection subspaces are effective for HSI classification. Ye et al. [13] pro-
posed two fusion classification algorithms based on Gabor features and deriva-
tive features to achieve superior HSI classification performance. Jia et al. [14]
introduced a collaborative representation method based on three-dimensional
Gabor features for HSI classification, which reduces computational complexity.

This paper investigates existing hyperspectral image classification methods and
proposes a novel algorithm based on Gabor features and decision fusion that
considers both original spectral and spatial characteristics. The method intel-
ligently groups correlated spectral bands, extracts Gabor features from each
group in PCA projection subspaces, reduces spatial feature dimensionality, and
finally merges Gaussian mixture model classification results using decision fusion
rules to achieve hyperspectral image classification.

1 Proposed Classification Method
The correlation coefficient matrix is used to group spectral bands, and Gabor
textures within the PCA projection subspace are employed to extract spatial-
spectral features. Following feature extraction, locality-preserving non-negative
matrix factorization (LPNMF) reduces the dimensionality of feature subspaces.
Subsequently, a Gaussian mixture model (GMM) classifier is applied, and a log-
arithmic opinion pool (LOGP) decision fusion method merges all classification
results. This classification fusion system is designed for hyperspectral image
classification tasks, with the overall process illustrated in [Figure 1: see original
paper].

Partitioned subspaces provide increased class separability while minimizing sta-
tistical dependencies between subspaces. For example, the Indian Pines dataset
(with 220 bands) naturally partitions into five groups corresponding to five light-
colored blocks residing on the diagonal of the CCM, as shown in [Figure 2: see
original paper]. Within each group, bands are highly correlated with one an-
other. Since spectral bands {104-108} and {150-163} represent water absorption
bands, these bands are removed.
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1.1 Band Selection

Hyperspectral images are partitioned into contiguous groups using the corre-
lation coefficient matrix (CCM). Let 𝑓(𝑥, 𝑦) denote the original hyperspectral
image and 𝑔(𝑥, 𝑦) denote the ground truth image. The cross-correlation function
is defined as:

⟨⟨𝑀𝐴𝑇 𝐻0⟩⟩

where 𝑀 and 𝑁 represent the number of rows and columns, respectively, ̄𝑓 is
the mean of 𝑓(𝑥, 𝑦), and ̄𝑔 is the mean of 𝑔(𝑥, 𝑦).
In the proposed fusion classification system, each bandpass is first considered,
and system parameters are optimized to obtain optimal classification results.
[Figure 3: see original paper] presents the overall classification accuracy (OA)
for different parameter combinations of 𝛿𝑏𝑤, 𝜓, and PC (number of principal
components). The optimal values for 𝛿𝑏𝑤 and PC are observed to be 65 and 3,
respectively. These parameters are selected for the proposed classification algo-
rithm, as the parameter 𝜓 exhibits low sensitivity to classification performance.

1.2 Gabor Transform

Gabor filters, consisting of sinusoidal functions modulated by a Gaussian enve-
lope, can be regarded as orientation-dependent bandpass filters that effectively
capture directional and scale characteristics of physical structures for HSI spa-
tial feature extraction. However, HSI contains substantial spectral information
across a wide spectral range with relatively small wavelength intervals, increas-
ing processing complexity and statistical ill-conditioning in classification tasks.
To improve efficiency, this paper considers dimensionality reduction prior to
Gabor feature extraction. Since Gabor features extracted in PCA projection
feature spaces have proven to yield excellent results, this dimensionality reduc-
tion strategy is adopted in the feature extraction process.

In two-dimensional coordinates, Gabor filters (including real and imaginary
parts) can be expressed as:

⟨⟨𝑀𝐴𝑇 𝐻1⟩⟩

where 𝜆 represents the wavelength of the sinusoidal factor, 𝜓 is the phase offset,
𝛾 is the spatial aspect ratio (default value set to 0.5 in the literature [10]), 𝜎
specifies the standard deviation of the Gaussian envelope determined by 𝛿𝑏𝑤 and
spatial frequency bandwidth, and 𝜃 represents the orientation separation angle
between Gabor kernels. The parameters 𝑎′ and 𝑏′ are defined as:

⟨⟨𝑀𝐴𝑇 𝐻2⟩⟩

This formulation returns the real and imaginary parts of the Gabor filter.
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1.3 Locality-Preserving Non-Negative Matrix Factorization

LPNMF combines the advantages of non-negative matrix factorization (NMF)
and locality-preserving projection (LPP), resulting in parts-based representa-
tions using only additive operations where intrinsic geometric structure is pre-
served in the embedding space. These advantages enable successful dimension-
ality reduction for HSI. Additionally, LPNMF combined with GMM classifiers
can achieve high-accuracy HSI classification.

The objective function of LPNMF is:

⟨⟨𝑀𝐴𝑇 𝐻3⟩⟩

where 𝜆 is a regularization parameter. The first term represents the standard
objective function of non-negative matrix factorization using Kullback-Leibler
divergence between 𝑋 and 𝑈𝑉 . The second term enforces a geometric locality
constraint between points in the reduced-dimensional subspace.

Here, 𝑊 is an edge weight matrix measuring distances between points in the
original space 𝑋, which follows LPP theory to preserve the inherent geome-
try of data distribution. The following multiplicative update rules are used to
minimize the function and estimate matrices 𝑈 and 𝑉 :

⟨⟨𝑀𝐴𝑇 𝐻4⟩⟩

1.4 Gaussian Mixture Model and Decision Fusion

A Gaussian mixture model can be viewed as a combination of two or more
Gaussian distributions. In a typical GMM representation, the probability den-
sity function 𝑝(𝑋) is expressed as a sum of 𝐾 Gaussian components:

⟨⟨𝑀𝐴𝑇 𝐻5⟩⟩

where 𝛼𝑘 represents the mixture weight for the 𝑘-th Gaussian component, and
𝑁(𝑋|𝜇𝑘, Σ𝑘) denotes the Gaussian distribution with mean 𝜇𝑘 and covariance
Σ𝑘, parameterized by vector Θ𝑘 = {𝛼𝑘, 𝜇𝑘, Σ𝑘}. Once the optimal number
of components 𝐾 is determined, iterative optimization strategies estimate the
mixture model parameters.

This research employs Gabor features within a decision fusion system context. A
multiple classifier system followed by decision fusion addresses the small sample
size problem and ensures robust recognition of grouped bands. The logarithmic
opinion pool (LOGP) classification strategy is investigated, which requires in-
dividual posterior probabilities 𝑝𝑖(𝑤𝑗|𝑥) from each classifier to estimate global
class membership:
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⟨⟨𝑀𝐴𝑇 𝐻6⟩⟩

where 𝛼𝑖 represents the confidence score of the 𝑖-th classifier, 𝑤𝑗 is the class
label, 𝑖 is the classifier index, and 𝐶 is the number of classifiers detecting class
𝑗 within the classifier ensemble.

2 Experimental Results and Analysis
The experimental dataset is the Indian Pines hyperspectral remote sensing
dataset, collected by NASA’s Airborne Visible/Infrared Imaging Spectrome-
ter (AVIRIS) sensor. This dataset represents a vegetation classification scene
with 145×145 pixels and 220 spectral bands at a 20m spatial resolution. The
original Indian Pines dataset includes 16 land cover categories, some containing
few samples. Since probability distributions obtained from such small training
samples cannot adequately represent their statistical characteristics, this paper
selects an eight-class subset with sufficient pixels. For this dataset, an average
of 50 training samples and 8624 test samples per class (a test-to-training ratio
of approximately 21.6:1) are used for experiments. All simulations are imple-
mented in MATLAB 2013a on a laptop with 250GB memory, an i7 processor,
and Windows 10 operating system.

To quantify the effectiveness of the proposed algorithm, comparisons are made
against eight other methods: traditional SVM, SVM-Markov Random Field
(SVM-MRF), Local Fisher Discriminant Analysis-Gaussian Mixture Model
(LFDA-GMM), locality-preserving non-negative matrix factorization-GMM
(LPNMF-GMM), Local Fisher Discriminant Analysis-GMM-Markov Random
Field (LFDA-G-MRF), locality-preserving non-negative matrix factorization-
GMM-Markov Random Field (LPNMF-G-MRF), Decision Fusion GMM-Local
Fisher Discriminant Analysis (DG-LFDA), and Decision Fusion GMM-locality-
preserving non-negative matrix factorization (DG-LPNMF). [Figure 4: see
original paper] presents classification results for different algorithms on the
hyperspectral data.

The visual results demonstrate that the proposed algorithm achieves the best
hyperspectral image classification performance, surpassing the other eight algo-
rithms. This is attributed to the algorithm’s ability to preserve local information
from adjacent features and the multimodal structure of hyperspectral images,
resulting in visually superior classification maps.

provides the overall classification accuracy (OA) and Kappa coefficient results,
averaged over 20 experimental runs. The proposed algorithm achieves an OA
of 99.22%, approximately 22% higher than traditional SVM, 11% higher than
SVM-MRF, and 4% higher than DG-LPNMF. The Kappa coefficient reaches
0.9907, which is 0.414 higher than LFDA-GMM, 0.3101 higher than LPNMF-
GMM, and 0.257 higher than SVM. Both OA and Kappa values, along with
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their standard deviations, represent optimal performance, confirming that the
proposed method outperforms the eight existing algorithms for hyperspectral
image classification.

[Figure 5: see original paper] illustrates the relationship between training sample
size and classification accuracy. The results show that the proposed algorithm is
less sensitive to training sample quantity, with only modest OA improvements
as training samples increase. In contrast, LFDA-G-MRF exhibits the greatest
sensitivity to training sample size, showing substantial OA improvement with in-
creased samples. Moreover, the proposed algorithm consistently achieves higher
OA values across different training sample sizes, producing clearer and smoother
classification maps that validate its effectiveness.

3 Conclusion
This paper proposes a hyperspectral image classification algorithm based on
Gabor features and Gaussian mixture models with decision fusion, addressing
the limitation of traditional methods that consider only spectral features while
neglecting spatial characteristics. The algorithm first groups correlated spectral
bands using a correlation coefficient matrix, then extracts Gabor textures from
each group, performs dimensionality reduction while preserving local structure,
and finally merges classification results from Gaussian mixture models using
decision fusion rules. Experimental results demonstrate superior performance
compared to existing algorithms, achieving high OA values even with small
sample sizes and producing clearer, smoother classification maps.

References
[1] Ye Minchao, Qian Yuntao, Zhou Jun. Multitask sparse nonnegative matrix
factorization for joint spectral–spatial hyperspectral imagery denoising [J]. IEEE
Trans on Geoscience and Remote Sensing, 2015, 53(5): 2621-2639.

[2] Sun Kang, Geng Xiurui, Ji Luyan. Exemplar component analysis: a fast
band selection method for hyperspectral imagery [J]. IEEE Geoscience and Re-
mote Sensing Letters, 2015, 12(5): 998-1002.

[3] 李铁, 张新君. 基于联合协同表示与 SVM 决策融合的高光谱图像分类研究 [J]. 计算机应用
研究, 2017, 34(6): 1913-1916. (Li Tie, Zhang Xinjun. Research of hyperspectral
image classification based on joint collaborative representation and SVM models
with decision fusion [J]. Application Research of Computers, 2017, 34(6): 1913-
1916.)

[4] Kang Xudong, Xiang Xuanlin, Li Shutao, et al. PCA-based edge-preserving
features for hyperspectral image classification [J]. IEEE Transactions on Geo-
science and Remote Sensing, 2017, 55(12): 7140-7151.

chinarxiv.org/items/chinaxiv-201901.00006 Machine Translation

https://chinarxiv.org/items/chinaxiv-201901.00006


[5] Zhou Yicong, Peng Jiangtao, Chen C. L. Philip. Dimension reduction using
spatial and spectral regularized local discriminant embedding for hyperspectral
image classification [J]. IEEE Trans on Geoscience and Remote Sensing, 2015,
53(2): 1082-1095.

[6] Li Wei, Prasad S, Fowler J E. Hyperspectral image classification using Gaus-
sian mixture models and Markov random fields [J]. IEEE Geoscience and Re-
mote Sensing Letters, 2014, 11(1): 153-157.

[7] Kuo B C, Ho H H, Li C H, et al. A kernel-based feature selection method for
SVM with RBF kernel for hyperspectral image classification [J]. IEEE Journal
of Selected Topics in Applied Earth Observations and Remote Sensing, 2014,
7(1): 317-326.

[8] Li Wei, Chen Chen, Su Hongjun, et al. Local Binary Patterns and Extreme
Learning Machine for Hyperspectral Imagery Classification [J]. IEEE Trans.
Geoscience and Remote Sensing, 2015, 53(7): 3681-3693.

[9] Zhang Hongyan, Li Jiayi, Huang Yuanchen, et al. A nonlocal weighted joint
sparse representation classification method for hyperspectral imagery [J]. IEEE
Journal of Selected Topics in Applied Earth Observations and Remote Sensing,
2014, 7(6): 2056-2065.

[10] Liang Hemin, Li Qi. Hyperspectral imagery classification using sparse rep-
resentations of convolutional neural network features [J]. Remote Sensing, 2016,
8(2): 99-115.

[11] Tao Chao, Pan Hongbo, Li Yansheng, et al. Unsupervised spectral–spa-
tial feature learning with stacked sparse autoencoder for hyperspectral imagery
classification [J]. IEEE Geoscience and Remote Sensing Letters, 2015, 12 (12):
2438-2442.

[12] Li Wei, Du Qian. Gabor-filtering-based nearest regularized subspace for hy-
perspectral image classification [J]. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 2014, 7(4): 1019-1029.

[13] Ye Zhen, Bai Lin, Nian Yongjian. Decision fusion for hyperspectral im-
age classification based on multiple features and locality-preserving analysis [J].
European Journal of Remote Sensing, 2017, 50(1): 1-11.

[14] Jia Sen, Shen Linin, Li Qingquan. Gabor feature-based collaborative repre-
sentation for hyperspectral imagery classification [J]. IEEE Trans on Geoscience
and Remote Sensing, 2015, 53 (2): 1118-1129.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-201901.00006 Machine Translation

https://chinarxiv.org/items/chinaxiv-201901.00006

	Hyperspectral Image Classification Based on Dimensionality-Reduced Gabor Features and Decision Fusion (Postprint)
	Abstract
	Full Text
	Preamble
	Hyperspectral Image Classification Based on Dimensionality-Reduced Gabor Features and Decision Fusion

	0 Introduction
	1 Proposed Classification Method
	1.1 Band Selection
	1.2 Gabor Transform
	1.3 Locality-Preserving Non-Negative Matrix Factorization
	1.4 Gaussian Mixture Model and Decision Fusion

	2 Experimental Results and Analysis
	3 Conclusion
	References


