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Introduction I

They introduce the patch alignment framework to linearly

combine multiple features in the optimal way and obtain a

uni�ed low-dimensional representation of these multiple

features for subsequent classi�cation.

The proposed multiple feature combining (MFC) is based on

manifold learning and a patch alignment framework.
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MFC Framework I

Two main components:

In the �rst step, three kinds of features of HSI are introduced.

Then, the MFC algorithm, which �nds the particular

contribution of each feature to the uni�ed representation, is

employed to obtain the �nal lowdimensional representation.
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Multiple Feature Extraction I

Three kinds of features are introduced to the MFC. Each feature is

represented as a single vector v ∈ RL.

Spectral Feature:

Texture Feature: Method to extract the texture feature based

on 3D Gabor �lters:
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Multiple Feature Extraction I

Shape Feature: the pixel shape index method (PSI):

Step 1) Extension of direction lines: We de�ne the pixel

homogeneity of the ith direction by where vc
and vs are the spectral features of the central and surrounding
pixels, respectively.

The ith direction line is extended from the central

pixel if the following statements are true:

1) PHi is less than T1,

2) the total number of pixels in this direction is

less than T2.

T1 is the threshold for homogeneity and pertains

to the spectral variability in a local area. T2 is

related to the average size of a shape area.
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Multiple Feature Extraction II

Step 2) Length of direction line: The PSI in the ith direction is
calculated by the length of the direction line di . Then, the

shape feature is achieved by
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MFC I

1 Single Feature-Based Dimensional Reduction:
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MFC II

1 Formulation of MFC:
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MFC I

An alternating optimization is adopted to acquire a local

optimal solution by iteratively updating Y and ω.
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Computational Complexity of MFC I

The computational complexity of the proposed approach is

O(n3).

The adopted linearization of MFC is e�ective in achieving the

accuracy of the manifold learning and, at the same time, in

reducing the computational cost.
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Experiments

Two hyperspectral data sets:

The hyperspectral digital imagery collection experiment

(HYDICE) airborne data over a Mall in Washington DC.

210 bands, 0.4�2.4-µm. 1280 scan lines, with 307 pixels in
each scan line. subset of the whole set, 280 Ö 307 p.

Airborne data set by the Data Fusion Technical Committee of

the IEEE Geoscience and Remote Sensing Society.

urban test area of Pavia. Size 1400x512, 1.3 m per pixel.
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Classi�cation Result

To compare the e�ectiveness of the proposed MFC with the

conventional dimension reduction methods, we show the

performance of the supervised classi�cation results of the following

methods:

1) best feature: the best performance of the singleview feature (in

this data set, it is the spectral feature);

2) all features: the conventional multifeature concatenation

method, which arranges the feature vectors together;

3) PC: implementing the PC transformation on all features

concatenation;

4) MNF: executing the minimum noise fraction rotation on all

features concatenation; using manifold-learning-based approaches

5) LLE, 6) LTSA, and 7) LE for all features concatenation; and 8)

adopting the proposed MFC.
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Parameter Analysis

1) E�ect of Parameter r:
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Parameter Analysis

2) E�ect of Parameter d:
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Conclusion

Some of the advantages of our work are as follows.

First,MFC considers the spectral, texture, and shape features

of a pixel to achieve a physically meaningful low-dimensional

representation for an e�ective and accurate classi�cation.

Second, the weights for each feature are optimized in the

objective function of MFC simultaneously without using

cross-validation.
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