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Underlying features extraction using difference maps from
manifold coordinates of hyperspectral imagery
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Abstract: Manifold coordinates from Isometric mapping ( Isomap) and Local Tangent Space Alignment (LTSA) preserve the spec-
tral features of ground objects from Hyperspectral Imagery (HSI) through nonlinear dimensionality reduction． However，the theoret-
ical differences result in differing capabilities in preserving spectral features． Thus，a comparison of two coordinates can make the
underlying features prominent． Therefore，this paper proposes an innovative method called Difference Maps from Manifold Coordi-
nates (DMMC)，which is based on Isomap and LTSA，to extract underlying features． First，spectral interpretations are matched
with both coordinates and ensured to preserve the same spectral features． Second，the Isomap and LTSA coordinates are transformed
into a uniform system using coordinate normalization and axis-direction adjustment． Finally，the difference maps are obtained
through subtraction operations between the weighted manifold maps，and underlying features are extracted using classical image pro-
cessing approaches． Two case studies are performed to evaluate the proposed method，and the results are compared with those ob-
tained u sing Isomap and LTSA． The results show that DMMC outperforms Isomap and LTSA in extracting underlying features，such
as the underlying shallow water near the river bank and the low spatial-resolution road in the large image scene of a swamp． This
method provides a novel scheme for extracting underlying features from HSI data．
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1 INTＲODUCTION

In Hyperspectral Imagery (HSI)，underlying features repre-
sent inconspicuous or underlying information with respect to the
spectral features of ground objects． For example，HSI data have
shown low-dimensional manifold features． For instance， the
height difference in the bed near the river bank divides water into
two regions，i． e． ，the shallow and deep regions，which are char-
acterized by the subtle differences in the characteristics of their
spectrums． Likewise，in the large-scale swamp Hyperion images，
a slender road is inconspicuous，and is difficult to extract due to
the low spatial-resolution of Hyperion data． Underlying features
usually comprise a small part of information from ground objects．
Thus，such features have always been among the hottest topics in
HSI data analysis． The extraction of underlying features directly
benefits applications in geological explorations ( Chabrillat，et
al． ，2002; Wang， et al． ，2010 )， environment monitoring
(Cheng，et al． ，2008; Pu，et al． ，2008)，and ground scouting

(Luo，et al． ，2010; Walsh，et al． ，2008) ． However，owing to
the numerous bands and strong intra-band correlations，the un-
derlying features in HSI are usually extracted after reducing di-
mensionality．

Manifold learning has recently been introduced into the HSI
field to address the problem of underlying feature extraction．
Manifold learning assumes that an HSI dataset is sampled from a
low-dimension manifold and attempts to explore the underlying
features by mapping the dataset into a low-dimensional manifold
coordinate system． Numerous manifold learning methods are a
vailable，including Isometric mapping ( Isomap) (Tenenbaum，e
t al． ，2000)，Local Tangent Space Alignment (LTSA) (Zhang
＆ Zha，2003)，Locally Linear Embedding (LLE) (Ｒoweis ＆
Saul，2000)，laplacian eigenmaps ( Belkin ＆ Niyogi，2003)

and self-o rganizing maps (Tamayo，et al． ，1999) ． Among these
methods，Isomap and LTSA are representatives of the global and
local methods，respectively ( Lee ＆ Verleysen ，2 0 0 7 ) ． Isomap
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preserves Euclidean distances between pairwise points by embed-
ding them with the graph distances between homologous pixels in
spectral space，whereas LTSA preserves the local geometric
structures of local tangent space described by the nearest neigh-
bors of pixels． Extant literature continues to report some achieve-
ments by the two methods in extracting underlying features． For
the Isomap，Bachmann introduced Isomap to exploit the manifold
geometric structures for ocean studies ( Bachmann， et al． ，

2005) ． Gillis a pplied manifold learning to model HSI data and
found that u nderlying water scenes can be modeled as a union of
one-d imensional manifold curves (Gillis，et al． ，2005) ． Subse-
quently，Bachmann parameterized the nonlinear manifolds in a
coastal area to represent the underlying features of the ocean
scene (Bachmann，et al． ，2009) ． Chen employed Isomap to ex-
tract more underlying features in HSI data and obtained high ac-
curacy classification results using the shortest path k-nearest
neighbor classifier (Chen，et al． ，2005) ． Wang found underly-
ing Isomap manifolds in training samples of HSI data，which fa-
cilitated the learning of mixed linear models for classification
(Wang，et al． ，2006) ． For the LTSA，Fong reduced the dimen-
sionality of HSI data for the underlying LTSA manifolds and fur-
ther studied classification performance (Fong，2007) ． With LT-
SA，Ma implemented a few underlying features in an embedded
space to distinguish anomalies in HSI data (Ma，et al． ，2010) ．
Subsequently，Ma i mproved LTSA and presented the General-
ized Supervised Local Tangent Space Alignment ( GSLTSA )

method to extract nonlinear properties for classification (Ma，et
al． ，2010 ) ． Yang proposed the unified manifold alignment
framework based on LTSA ( Yang ＆ Crawford，2011 ) ． The
framework utilizes the underlying manifold geometric features in
multi-temporal HSI datasets to f acilitate classification． Crawford
more recently investigated the underlying nonlinear features iden-
tified by manifold learning and proved that this method outper-
forms linear methods and full d imension data in terms of classifi-
cation (Crawford，et al． ，2011) ． However，existing studies ex-
tracted underlying features with a single manifold learning method
and never considered exploring the underlying features using the di-
vergences between manifold coordinates from two different methods．

With nonlinear dimensionality reduction in manifold learn-
ing，manifold coordinates represent the spectral features of
ground objects． However，theoretical differences among different
methods result in diverse capacities in preserving spectral fea-
tures． The difference in manifold coordinates from two different
methods could demonstrate the different capacities of both meth-
ods in preserving spectral features． Thus，identifying underlying
features that were hidden in manifold maps through a single
method became evident． The difference between two m anifold
coordinates should build on the fact that the two coordinates in
each dimension represent the same spectral features of ground ob-
jects． Sun proposed spectral interpretations of manifold coordi-
nates in each dimension by comparing and observing the changing
trends of manifold coordinates and spectral curves (Sun，et al． ，

2012) ． Based on spectral interpretations of manifold coordi-
nates，this paper presents a novel method called Difference Maps
of Manifold Coordinates (DMMC) for the extraction of underly-
ing features from HSI data，thus providing a new prospect for un-
derlying feature extraction．

2 MANIFOLD LEAＲNING IN HSI DATA

Manifold learning assumes that HSI data were sampled u
niformly from one manifold and attempts to map the original data
into low-dimensional embedded space while preserving c ertain
geometric structures (Tenenbaum，et al． ，2000) ． Isomap and
LTSA respectively represent the most common global and local
methods in manifold learning ( Lee ＆ Verleysen，2007 ) ． I
somap preserves the Euclidean distances between every pair of
points when embedding the same with the graph distances b
etween homologous pixels in spectral space (Tenenbaum，et al． ，

2000) ． LTSA can satisfactorily preserve local geometric struc-
tures (Zhang ＆ Zha，2003)，particularly with spectral edge fea-
tures in image scenes (Zhou，et al． ，2009) ． The numerous in-
nate differences between the two methods make them good candi-
dates to explain the proposed method． However，our method is
more suitable for use with other methods．

Let HSI data comprise a real vector set X =［x1，…，xN］
T∈

ＲD in space ＲD，where N and D represent the number of pixels
and bands，respectively，and the real vector Y =［y1，…，yN］

T∈
Ｒd denotes the manifold coordinates in an embedded space with d
＜ ＜ D． Let the neighborhood for each point be Ci =［xi1 ，…，

xi k ］，where k is the neighborhood size． The methods of Isomap
and LTSA in HSI are described in the following section．

2． 1 Isomap method in HSI data

The Isomap method computes for the coordinates by m
apping HSI data into the predefined d-dimension space． First，
the neighborhood graph is constructed based on the Euclidean
distance between pairwise pixels xi and x j ． If xi and x j lie within
a neighborhood defined by a set of k-nearest neighbors，the edges
between the two points are connected，with the length as the Eu-
clidean distance; otherwise，the length is 0． Subsequently，the
geodesic distance graph is constructed． For xi and x j within the
neighborhood，the geodesic distance is the Euclidean distance．
Otherwise，the geodesic distance will be replaced by the shortest
path distance as determined using the Dijkstra algorithm． The
largest connected components are then selected from the graph，

considering the stability of the shortest path graph． Finally，mul-
tidimensional scaling is used to compute for the d-d imensional
embedding． Manifold coordinates Y are the eigenvectors of the
first d-largest eigenvalues of τ = － HSH /2，where S is the
squared geodesic distance matrix，and H is the concentrated ma-
trix．

2． 2 LTSA method in HSI data

The LTSA attempts to construct local geometric structures
within the tangent space of each pixel，and then align the over-
lapping local tangent space to obtain the global manifold coordi-
nates (Zhang ＆ Zha，2003) ． Similar to Isomap，the neighbor-
hood graph is first constructed based on the Euclidean distance
between pairwise pixels xi and x j ． Subsequently，using the d-d
imensional affine subspace to approach points in each neighbor-
hood Ci，the local coordinates Θi = Q

T
i (Ci －珔xe

T
k ) of each pixel

xi are obtained，where Qi represents the corresponding singular v
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ectors of the largest d right singular values for the centered m
atrix Ci，and 珔xi = Ci e

T is the central point of Ci ． Finally，global
coordinates Y are achieved through the affine transformation of lo-
cal coordinates． Global coordinates Y are eigenvectors corre-
sponding to 2 and to d + 1 eigenvalues of the global alignment

matrix Φ = ∑
N

i = 1
SiWiW

T
i S

T
i ，where Si =［xi1，…，xik］∈ＲN × k r

epresents the selection matrix，and Wi = I －［1 k 槡/ k，Vi］［1 k /

槡k，Vi］
T for the corresponding singular vectors Vi of the largest d

left singular values in each centered matrix Ci ．

3 EXTＲACTING UNDEＲLYING FEATUＲES
USING THE DMMC METHOD

The DMMC method extracts underlying features by using the
divergence between two manifold coordinates to preserve the
spectral features of ground objects． As shown in Fig． 1，the D
MMC method with Isomap and LTSA includes the following
steps:

Fig． 1 DMMC method for underlying feature extraction

(1) Manifold coordinates are achieved through Isomap and
LTSA with the appropriate parameters． Using the same HSI data
integrated with Isomap and LTSA，two manifold coordinates are
achieved． The behavior of manifold coordinates depends on the
parameter configurations，particularly its intrinsic dimensionali-
ty． Owing to the similar manifold structures achieved through dif-
ferent methods，the dimensionality of the embeddings from Iso-
map and LTSA should be equal． Therefore，only the dimension-
ality of the Isomap embeddings remains to be estimated，that is，
the i ntrinsic dimensionality of the HSI data． The posterior resid-
ual variance method (Tenenbaum，et al． ，2000) correlates with
the nature of Isomap and has been proven to distinguish manifold
structures in a large amount of high-dimensional data accurately，

such as handwritten digit and facial images (Tenenbaum，et al． ，

2000; Yang，2002) ． Therefore，in this paper，the posterior re-
sidual variance method is employed to estimate the proper intrin-
sic dimensionality for HSI data．

(2) The spectral interpretations of two coordinates in each
dimension are determined． The contrast between manifold coordi-
nates from Isomap and LTSA depends on the correspondences in
their spectral interpretations． Otherwise，the differences between
these two methods would be rendered meaningless by the lack of

theoretical support． Isomap and LTSA have been proven to iden-
tify the same manifold structures in facial and handwritten digit
images (Lee ＆ Verleysen，2007)，with the same physical inter-
pretations． Similarly，Sun analyzed the spectral i nterpretations
of manifold coordinates by observing and analyzing the changing
trends in manifold coordinates and spectral curves． Sun proved
that the manifold coordinates in every dimension take spectral
features within a certain band i nterval from the HSI data． The
process of spectral interpretation using manifold coordinates is as
follows: the distribution maps of manifold coordinates are parti-
tioned into pairs; the distribution map of each pair is divided into
cells; spectral vectors of cells are computed along each line or
column; and laws regarding spectral interpretations are summa-
rized based on the contrast in changing trends between manifold
coordinates and spectral curves within a certain band interval． To
validate the conclusions derived from the above process，several
groups of pixel points that illustrate the changing trends of mani-
fold coordinates are sampled along the boundary of the distribu-
tion maps．

After the above process，both coordinates correspond to
each other，thus having the same spectral interpretations． Never-
theless，both coordinates are quite different in scale and may e-
ven be reversed when changing directions． Thus，both coordi-
nates are unified in the following step．

(3) Both coordinates are transformed into the uniform sys-
tem by rescaling coordinates and readjusting the axis directions．
Manifold coordinates from Isomap and LTSA are normalized be-
tween 0 and 1 using Eq． (1)

Nyij =
yij － min(y·j)

max(y·j) － min(y·j)
i = 1，…，N;j = 1，···，d (1)

where Nyij is the jth normalized coordinate value of pixel point xi，

yij is the j
th original coordinate value of pixel point xi，y ． j is the j

th

coordinate vector; and N and d are the number of points and d
imension of the coordinates，respectively．

Moreover，the axis directions of both coordinates are not
guaranteed to agree with each other． For example，Table 1 shows
that the first coordinates represent spectral features within band
1—56，and the changing direction of the Isomap coordinates c
oincide with that of the spectral values，in contrast with those of
LTSA，which do not coincide with the spectral values． There-
fore，readjusting the axis direction is necessary to ensure that the
two coordinate systems represent the same spectral features with
the same changing directions． The direction readjustment is a-
chieved by comparing the changing trends in the spectral values
of both coordinates． Owing to the similarity in spectral interpreta-
tions，the shapes of both distribution maps are similar． Conse-
quently，direction adjustment can be completed by comparing both
the normalized distribution maps of the manifold coordinates．

(4) The desired underlying features are extracted from the
difference maps of manifold coordinates． The differences between
two images can usually be quantified using the subtraction opera-
tion． Nevertheless，nonlinear manifold features of I somap and
LTSA make the subtraction operation complicated． Therefore，a
scale factor α is introduced，and the subtraction relation is given
by Eq． (2)

Di = NyIsomap( i) － α × NyLTSA( i) (2)
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Table 1 Contrast in changing directions between manifold coordinates and DN values in dataset 1

Changing directions of
DN values in band intervals

Manifold coordinates

Isomap LTSA

First coordinates Second coordinates First coordinates Second coordinates

Band 1—56 (↑) ↑ — ↓ —

Band 57—102 (↑) — ↑ — ↓
Band 103—191 (↑) ↑ — ↓ —

Note: “↑”means the increasing direction，“—”means the changing direction is unclear，and“↓”means the direction is decreasing．

where Di stands for the i-th difference map; NyIsomap ( i) and
NyLTSA( i) are the ith coordinates from Isomap and LTSA，respec-
tively; and α is the scale factor，with 0 ＜ α≤1．

For manifold coordinates in each dimension，the internal
difference represents the divergences in spectral features among
ground objects within a certain band interval． Therefore，the u
nderlying features with spectral values that sharply differ from
other ground objects in both manifold maps will appear in the
difference map． Finally，using classical image processing meth-
ods，the desired underlying features are extracted．

4 EXPEＲIMENTAL ＲESULTS AND ANALYSIS

In this section，two sets of HSI data covering different areas
will be used to evaluate the proposed method． The memory r
equirement of the Isomap algorithm scale is O(N3 )，where N is
the number of pixels． Therefore，two smaller datasets are extrac-
ted from larger datasets to reduce the calculations for the experi-
ments．

4． 1 Case study 1

Dataset 1 was taken from the Laboratory for Applications of
Ｒemote Sensing at Purdue University． The dataset comprises the
HYDICE HSI data for Washington D． C． ，collected on August
23，1995，with 210 bands within the 0． 4—2． 4 μm region of the
visible and infrared spectrums． Bands between the 0． 9—1． 4 μm
r egion，where the atmosphere is opaque，have been omitted，

leaving 191 bands． The smaller image (Fig． 2) includes the area
near the Kutz Bridge with a size of 100 × 100 pixels，containing
four primary ground objects: water，road，trees，and grass． In F
ig． 3，the spectral curves of most ground objects within band 1—
56 are quite crowded and difficult to differentiate． A similar phe-
nomenon can be observed for band 103—191，where most curves
are quite similar，except for the lowest water curve． A lthough
the differences among all spectral curves are enhanced within
band 57—102，spectral curves of grass and road are too similar
to separate． After field reconnaissance，the irregular rocks un-
derneath the water are found to have elevated the bed near the
river bank compared with the other areas，and the water is divid-
ed into the shallow and the deep regions． Spectral signatures in
Fig． 3 reflect the subtle heterogeneity underwater． Four groups of
spectral curves in the water from different sites are sampled． For
band 57—102，the water spectral curves in samples 1，2，and 3
deviate from the regular spectrum in sample 4，particularly sam-
ple 1． With the use of the band near-infrared band 111 and blue
band 17，the normal differential water index was utilized to at-
tempt to extract the shallow water． However，the method failed．
Therefore，the DMMC method is utilized to extract the shallow

water near the river bank．

Using the Isomap and LTSA method，two manifold coordi-
nates are obtained． During the process，the neighbor size of I
somap and LTSA are 54 and 80，respectively． Using the residual
variance method，the proper intrinsic dimension is estimated as
2． With the spectral interpretation method，the changing trends
of Isomap and LTSA manifold coordinates and spectral curves are
shown in Table 1． From the table，for each method，the first c
oordinates denote spectral features in bands 1—56 and 103—
191，and the second coordinates represent the spectral features
within band 57—102． Therefore，both manifold coordinates have
the same spectral interpretations． Nevertheless，the changing d
irections of the two coordinates representing the same spectral
features are opposite．

The conclusions above are consistent with the distribution of
the coordinates from Isomap and LTSA，as shown in Fig． 4 ( a)

(b)，respectively． Both distribution maps are quite similar to
each other，with the only difference being the magnitude and the
o pposing directions of the shapes． The scales of both coordinates
are normalized，and the axis directions are readjusted． In Fig． 4
(c)，for both coordinates，most parts coincide with one another，
whereas the distribution of the Isomap coordinates is looser than
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that of LTSA． This observation affirms the inherent difference be- tween the two methods．

Fig． 4 Distribution of Isomap，LTSA coordinates，and their overlay map in dataset 1

Fig． 5 shows the manifold maps from Isomap and LTSA，as
well as the difference maps between them． During the subtrac-
tion operation，the scale factor α is 0． 87． The shallow water
appears in the second difference map，as shown in Fig． 5( f) ，

which is not found in the manifold maps of Isomap and L TSA in
Fig． 5 ( a )—Fig． 5 ( d ) ． This result is attributed to the s
ignificant divergences among the spectral curves of the ground

objects within band 57—102，as well as the different capacities
of the two coordinates in preserving spectral features． Using the
second difference map，the K-means and the morphology algo-
rithms are used to segment and extract the shallow water． The
extraction result is shown in Fig． 6． The shallow water has been
successfully extracted，although the area covered by the bridge
was excluded．

Fig． 5 Manifold maps from Isomap and LTSA and their difference maps in dataset 1

Fig． 6 Extracted shallow water near the river bank

4． 2 Case study 2

Taken from the Web site of the Ｒemote Sensing Group in the
University of Texas at Austin，dataset 2 comprises the Hyperion
HSI data for the Okavango Delta，Botswana． The image was ac-
quired on May 31，2001，with 30 m spatial resolutions covering
the 400—2500 nm portion of the spectrum in 10 nm windows．
Isomap and LTSA are both sensitive to noise． Thus，data prepro-
cessing was performed to mitigate the effects of bad detectors，
delete low SNＲ bands，and repair bad lines，leaving the best 40
bands within band 5—44 and covering the spectrum region be-
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tween 396 and 796 nm． A smaller dataset with a size of 115 ×
115 pixels ( Fig． 7 ( b )) is selected from the larger image
(Fig． 7(a)) ． The small dataset consists of observations from four
main identified classes representing the types of swamp land cov-
ers． From Fig． 7(b)，a narrow road exists in the image scene，

which is not evident． The spectral curve of the road in Fig． 8 is
globally similar to other ground objects． Comparatively，the d
ivergence between the road and other ground objects within band
1—24 is greater than that within band 25—40． Thus，Hough
transform using band 18 was implemented to extract the road．
However，this method failed because of the low spatial r esolution
of the Hyperion data． Therefore，the DMMC method is utilized to
extract the road． The neighborhood sizes of Isomap and LTSA are
34 and 280，respectively． After cross-validation，the proper in-
trinsic dimensionality is 2． Using spectral interpretations，the
contrast in the changing directions between the manifold coordi-
nates and DN values is determined，as listed in Table 2． For
both methods，the first coordinates denote spectral features within
band 1—24，whereas the second coordinates take spectral fea-
tures within band 25—40． However，the changing d irections of
both coordinates in the second dimension representing the same
spectral features are opposite．

Fig． 7 Image of dataset 2

Fig． 8 Spectral curves of ground objects in dataset 2

As shown in Fig． 9( a) ( b)，the shapes of both maps are
similar． These results also show that the axis direction of the s
econd LTSA coordinates is opposite to that of Isomap． Both c
oordinates are rescaled to［0，1］，and the direction of the second
LTSA coordinates is readjusted to match that of the Isomap． F
ig． 9(c) shows the overlay of the two distribution maps． The
scatterings of the two coordinates mostly coincide with one a
nother，whereas the Isomap coordinates scatter more widely than
LTSA． This result again validates their intrinsic differences a-
gain，as well as the contrast in case study 1．

The manifold and difference maps are shown in Fig． 10．
During the subtraction operation，the scale factor α is 0． 91． In
Fig． 10(c)，the road looms in the manifold maps of LTSA rather
than that of the Isomap owing to its good performance in preser-
ving local spectral edge features． From the first difference map in
Fig． 10(e)，the road is more evident than in the original image
scene (Fig． 7(b)) and in the manifold maps from Isomap and
LTSA (Fig． 10( a)—Fig． 10( d)) ． Given that both coordinates
in the first dimension take spectral features within band 1—24，

where the road and other ground objects diverge more significant-
ly from one another and the great divergences between Isomap
and LTSA are found when preserving spectral features，the subtle
distinctions between the road and other ground objects are ampli-
fied and become evident．

Table 2 Contrast in changing directions between manifold coordinates and DN values in dataset 2

Changing directions of DN
values in band intervals

Manifold coordinates

Isomap LTSA

First coordinates Second coordinates First coordinates Second coordinates

Band 1—24 (↑) ↑ — ↑ —

Band 25—40 (↑) — ↑ — ↓

Note:“↑”means the increasing direction，“—”means the changing direction is unclear，and“↓”means the direction is decreasing．

Fig． 9 Distribution of Isomap，LTSA coordinates，and their overlay map in dataset 2
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Fig． 10 Manifold maps from Isomap and LTSA and their difference maps in dataset 2

With the first difference map，Hough transform and the mor-
phology algorithms are used to extract the road． The extraction
result is shown in Fig． 11．

Fig． 11 Extracted road in the large image scene of the swamp

5 CONCLUSIONS AND FUTUＲE WOＲK

This paper presents the DMCC method to extract the desired
underlying features． First，by observing and comparing the chan-
ging trends of manifold coordinates and spectral curves，both
manifold coordinates take the same spectral features within a cer-
tain band interval from the HSI data． Second，owing to the
differences in scale and changing directions，the scales and axis
directions of the Isomap and the LTSA coordinates are unified．
Finally，with the weighted subtraction operations，the underlying
features are extracted using the difference maps of the manifold
coordinates． Using two case studies，the proposed method is
found to be capable of extracting the underlying features，which
cannot be achieved with Isomap and LTSA，such as the shallow
water near the river bank and the low-spatial resolution road in
the large image scene of the swamp． Meanwhile，both experi-
mental results show that underlying features always appear in the

difference map where the spectral curves of the features diverge
more significantly from other ground objects． In addition，owing
to the diversity of ground objects in HSI data，the ranges of band
intervals for the spectral interpretations are quite different in the
two case studies． Finally，this paper provides a new method for
the extraction of underlying features in HSI data． The DMMC
method is helpful in studying the dimensionality reduction of HSI
data． However，some problems remain unsolved in the paper．
First，owing to the computational complexity of manifold learn-
ing，only small datasets were employed to validate our method．
Second，considering the difficulty in observing high-d imensional
( i． e． ，more than three ) manifold coordinates and spectral
curves，two dimensions achieved using residual variances are im-
plemented in the experiments． Finally，the p arameter configura-
tions in the DMMC method，such as the neighborhood size k and
the scale factor α，are manually determined via cross-validation．
These points are suggested directions for future work，and the au-
thors aim to apply the proposed method to the engineering field．
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摘 要:等距映射和局部切空间排列降维后，低维流形坐标能够保留原始高光谱影像中地物光谱信息，用于提取原

始影像的潜在特征。然而这两种流形方法的理论差异导致其低维坐标继承光谱信息的能力不同，对比这两种流形

坐标可凸显出原始影像内部的潜在特征。因此，本文基于等距映射和局部切空间排列非线性降维，提出两种流形坐

标的差异图法来提取高光谱影像内部的潜在特征。首先，根据流形坐标的光谱解释确定两种坐标的每一维代表相

同的光谱信息。其次，根据相同的光谱特征，归一化两种流形坐标并调整坐标轴方向，统一两种坐标到相同的坐标

框架。最后，通过加权流形图相减得到坐标差异图，采用经典的图像处理方法提取潜在特征。采用两个实验并对比

等距映射和局部切空间排列方法的降维结果来验证本文方法。结果表明，流形坐标差异图能够成功提取单一流形

结果无法得到的潜在特征，如靠河岸的浅水区域和大场景沼泽地中的低分辨率道路。这为高光谱影像的潜在特征

提取研究提供了一种新方法。
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1 引 言

潜在特征能够反映高光谱影像数据中不明显或

非典型的地物光谱信息。例如，海水高光谱影像数

据内部蕴含的低维潜在流形特征;高光谱影像中，近

河岸水域河床高度不同而由水体内部的细微光谱差

异反映出来的深水和浅水区域;描述大范围沼泽地

植被的 Hyperion 高光谱影像中，场景内的一条细长

道路属于非典型性地物，由于影像空间分辨率较低

通常较难提取。潜在特征占地物信息的极小部分，

但一直是高光谱影像分析中的热点。潜在特征的提

取结果直接关系到后期应用，如地质探测(Chabrillat
等，2002; 王润生 等，2010)、环境监测 (Cheng 等，

2008;Pu 等，2008) 和地面侦察 ( 罗菊花 等，2010;

Walsh 等，2008)。然而，高光谱影像由于波段众多

且相关性强，存在严重“维数灾难”现象，因此常通

过降维 原 始 高 光 谱 数 据 来 提 取 影 像 内 部 的 潜 在

特征。
近年来，流形学习降维方法被引入高光谱领域

来研究其潜在特征提取。流形学习假设高光谱影像

采集于一个低维潜在流形上，通过将原始高光谱数

据映射到低维空间实现降维来发掘其潜在特征。目

前存在 许 多 流 形 学 习 方 法，如 等 距 映 射 Isomap
( Isometric mapping) (Tenenbaum 等，2000)、局部切

空 间 排 列 LTSA ( Local Tangent Space Alignment )

(Zhang 和 Zha，2003)、局部线性嵌入 LLE(Locally Line-
ar Embedding)(Ｒoweis 和 Saul，2000)、拉普拉斯特征映

射LE ( LaplacianEigenmaps) ( Belkin和Niyogi，2003)
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及自组织映射 SOM( Self-Organizing Maps) (Tamayo
等，1999)等。其中 Isomap 和 LTSA 分别是流形学习

全局和局部方法的代表 (Lee 和 Verleysen，2007)。
Isomap 能够保持各像元点的测地距离在降维前后保

持不变;LTSA 能够保持像元点邻域构成的局部切空

间的几何结构在降维前后保持不变。学者针对这两

种方法在高光谱影像的潜在特征提取方面已做出一

些研究。Isomap 方法方面，Bachmann 等人(2005)引

入 Isomap 挖掘低维潜在流形结构用以研究海洋特

征。Gills 等人(2005) 应用 Isomap 流形学习方法来

建模海洋高光谱数据，发现海洋场景能够表达为一

组 1 维流形曲线。此后，Bachmann 等人(2009)通过

参数化表达非线性 Isomap 流形结构来反映海洋场

景的潜在特征。Chen 等人(2005) 采用 I somap提取

非线性潜在特征并结合基于最短路径的 k-邻域分类

器来获取高精度分类结果。Wang 等人(2006) 利用

Isomap 发掘训练样本集的潜在流形特征，并基于此

训练混合线性模型来实现高精度分类。LTSA 方法

方面，Fong(2007) 通过实验分析高光谱影像 LTSA
降维的低维流形特征并研究其后续分类性能。Ma
等人(2010)采用 LTSA 降维高光谱影像的少量潜在

特征来实现异常探测。Yang 和 Crawford(2011) 利

用 LTSA 方法提出统一流形排列框架。该方法利用

多时态高光谱数据内部统一的潜在流形几何特征来

实现多时态分类。Crawford 等人 (2011) 对比研究

LTSA 和线性降维方法及原始数据的分类性能，发现

流形学习发掘的高光谱影像低维潜在特征用于分类

效果最好。然而，当前研究仅侧重于单一流形学习

提取高光谱影像潜在特征，未考虑过采用两种不同

流形学习方法来共同挖掘高光谱影像内部的潜在

特征。
经过非线性流形学习降维，高光谱影像的低维

流形坐标保留原始影像中各地物的光谱信息，而不

同方法的理论差异导致其继承地物光谱信息的能力

不同。两种不同流形坐标的对比可以反映其光谱信

息继承能力的差异，进而可以将原本在单一流形学

习降维结果中的潜在特征凸显出来。两种流形坐标

的差异对比需要建立在两种流形嵌入结果的每一维

坐标代表相同的光谱信息的基础上。前面工作中

(孙伟伟 等，2012)，我们提出采用观察对比流形坐

标和光谱曲线变化趋势的方法，获得每一维流形坐

标的光谱解释。在此基础上，本文从高光谱流形

学习降维出发，基于流形坐标的光谱解释提出流

形坐标差异图方法来提取影像内部的潜在特征。

这为 高 光 谱 影 像 潜 在 特 征 提 取 提 供 新 的 研 究

思路。

2 高光谱影像流形学习降维

流形学习假设高光谱数据均匀采样于统一流

形，通过保持某些几何特性将高维数据映射到低维

空间而实现非线性降维。在高光谱影像中，Isomap
能够保持高维光谱空间像元点间的测地距离与其对

应点在低维空间的欧氏距离基本不变(Tenenbaum
等，2000)，LTSA 保持像元点邻域内的局部几何结构

不变(Zhang 和 Zha，2003)，尤其是图像的光谱边缘

特征(Zhou 等，2009)。由于 Isomap 和 LTSA 的显著

理论差异，本文采用这两种方法来解释本文方法。
然而，本文方法体系也适用于其他流形学习方法。

假设 高 光 谱 影 像 数 据 为 实 数 向 量 集 X =
［x1，…，xN］

T∈ＲD，其中 N 和 D 分别为像元点个数

和波段数;假设低维流形坐标为向量集 Y =［y1，…，

yN］
T∈Ｒd，d 为流形坐标维数;假设每个像元点在光

谱空间的邻域为 Ci =［xi1，…，xik ］，其中 k 为邻域

大小。

2． 1 高光谱影像 Isomap 降维

Isomap 方法通过等距映射高光谱数据到指定的

d 维空间来得到流形坐标 ( Tenenbaum 等，2000)。
首先，通过计算任意像元点 xi 和 x j 间欧氏距离来构

建邻域。如果 xi 和 x j 位于共同的 k-邻域内，则连接

两者且边长为两者间的欧氏距离，否则边长为 0。
其次，在 k-邻域图的基础上，构建测地距离图。如果

x i 和 x j 位于彼此邻域内，两者的测地距离为欧氏

距离;否则两者的测地距离通过最短路径采用 Di-
jkstra 算法来逼 近。考 虑 到 最 短 路 径 图 谱 的 稳 定

性，选取图中具有最大连接数的节点，通过多维尺

度变换计算得到 d 维流形嵌入。流形坐标 Y 为 τ
= － HSH /2的前 d 个最大的特征值对应的特征向

量，其 中 S 为 测 地 距 离 的 平 方 矩 阵，H 为 中 心

矩阵。

2． 2 高光谱影像 LTSA 降维

LTSA 方法构建位于每个像元点的局部几何结

构，并通过排列彼此重叠的局部切空间来得到全局

坐标(Zhang 和 Zha，2003)。首先，类似 Isomap，通过

任意像元点 xi 和 x j 间的欧氏距离构建邻域。其次，

采用 d 维仿射子空间来逼近邻域 Ci 中的像元点，得
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到邻域中每一像元点 xi 的局部坐标 Θi = Q
T
i (Ci －

珔xeTk )，式中 Qi 是 Ci 的中心化矩阵的前 d 个最大的

右奇异值所对应的奇异向量，珔xi = Cie
T

是 Ci 的中心

点。最后，全局坐标 Y 通过局部坐标的仿射变换得

到，为排列矩阵 Φ =∑N
i = 1SiWiW

T
i S

T
i 的 2 至 d + 1 个

特征值对应的特征向量，其中 Si =［xi1，…，xik］∈

ＲN × k
为选择矩阵，Wi = I －［1k 槡/ k，Vi］［1k 槡/ k，Vi］

T，

Vi 为中心化矩阵 Ci 的前 d 个最大的左奇异值对应

的奇异向量。

3 流形坐标差异图提取潜在特征

流形坐标差异图法利用 Isomap 和 LTSA 降维方

法保留原始影像中地物光谱信息的差异来提取潜在

特征。流形坐标差异图提取潜在特征的方法如图 1
所示，包括以下步骤:

图 1 两种流形坐标差异图的方法流程

(1) 选取合适参数，采用 Isomap 和 LTSA 获取

高光谱影像的两种低维流形坐标。流形学习的降维

结果依赖于参数选取，尤其是本征维数 d。由于 I
somap和 LTSA 能够同时发掘高维数据的低维流形

结构，所以只需估计 Isomap 得到的低维嵌入的维

数，即高光谱影像的本征维数。Tenenbaum 提出基

于剩余残差的后验式方法与 Isomap 的本质密切相

关，而且已经证明能够发现许多高维数据的流形结

构，如 手 写 数 字 图 像 和 人 脸 图 像 ( Tenenbaum 等，

2000;Yang，2002)。因此，本文采用剩余残差法来

估计高光谱影像的本征维数 d。
(2)获取两种坐标每一维的光谱解释并匹配两

种流形坐标，确保两种坐标的每一维对应相同的光

谱解释。Isomap 和 LTSA 流形坐标的对比依赖于两

种流形坐标的每一维所代表的光谱解释一致，否则

对比将没有理论基础而失去意义。Isomap 和 LTSA
能够发现人脸图像及手写数字图像中相同的流形结

构并具有相同的物理解释(Lee 和 Verleysen，2007)。
类似地，我们通过观察对比流形坐标及光谱曲线的

变化趋势，得到两种流形坐标各维数的光谱解释，即

每一维流形坐标代表一定波段区间内的光谱特征。
流形坐标光谱解释的方法如下:将相邻两维流形坐

标划为一组;通过设定一定数量且大小一致的矩形

窗口来覆盖两维流形坐标分布;观察分析矩形窗口

间每一维流形坐标的变化并对比其对应的光谱特征

变化趋势，归纳总结出每一维流形坐标对应的光谱

特征。同时，在流形坐标分布中随机选取几组采

样点，对比分析采样点间流形坐标和光谱特征变

化趋 势，辅 助 验 证 上 述 观 察 矩 形 窗 口 得 到 的

结论。
Isomap 和 LTSA 的流形坐标尺度及所代表的光

谱特征的变化方向并不一致。因此，需要调整两种

流形坐标的尺度及坐标轴方向，最终根据每一维坐

标代表相同的光谱解释来实现流形坐标的统一。
(3)通过尺度变换和坐标轴方向调整统一两种

坐标到相同坐标系中。采用式(1) 将两种流形坐标

统一至 0—1:

Nyij =
yij － min(y·j)

max(y·j) － min(y·j)
i = 1，…，N;j = 1，···，d (1)

式中，Nyij是像元点 xi 的第 j 个归一化流形坐标值，yij

是像元点 xi 的第 j 个原始流形坐标值，y·j是第 j 维

流形坐标向量，N 和 d 是像元点个数和流形坐标

维数。
此外，两种坐标的坐标轴方向并不一定相同。

例如，表 1 中，Isomap 和 LTSA 流形坐标的第 1 维都

代表波段 1—56 间的光谱信息，Isomap 流形坐标的

变化方向与光谱值的变化趋势一致，而 LTSA 则相

反。因此，需要调整坐标轴的方向，使得两个坐标系

统代表相同的光谱解释且变化方向一致。坐标轴方

向的调整可通过对比两种流形坐标光谱值的变化趋

势得到。此外，两种流形坐标的每一维具有相同

光谱解释，流 形 坐 标 的 分 布 图 非 常 相 似，因 此 可

对比 归 一 化 坐 标 的 分 布 图 来 实 现 坐 标 轴 方 向

调整。
(4)采用传统图像处理方法从流形坐标差异图

提取潜在特征。通常可通过相减操作来获取两幅图

像的差异信息。然而 Isomap 和 LTSA 的非线性特性
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使得流形图相减操作更加复杂。因此，引入尺度因

子 α 进 行 两 种 流 形 坐 标 间 的 差 异 对 比，如 式

(2) :

Di = NyIsomap( i) － α × NyLTSA( i) (2)

表 1 流形坐标和光谱值的变化方向对比一览表

波段区间 DN 值变化方向

流形坐标

Isomap LTSA

第 1 维坐标 第 2 维坐标 第 1 维坐标 第 2 维坐标

波段 1—56 (↑) ↑ — ↓ —

波段 57—102 (↑) — ↑ — ↓

波段 103—191 (↑) ↑ — ↓ —

注:“↑”代表增大方向，“—”代表变化趋势不明显，“↓”代表减小方向。

式中，Di 代表第 i 维差异图，NyIsomap( i)和 NyLTSA( i)是

Isomap 和 LTSA 的第 i 维的归一化流形坐标，α 为尺

度因子，0 ＜ α≤1。
高光谱影像的每一维流形坐标中，坐标的内部

差异反映其继承对应波段区间的地物间的光谱特征

差异。通过加权相减操作，潜在特征凸显于流形坐

标差异图中。采用经典图像处理方法，提取得到潜

在特征。

4 实验和分析

采用两个实验案例，对比 Isomap 和 LTSA 的降

维结果，验证流形坐标差异图法提取潜在特征的可

行性。由于 Isomap 算法的内存需求为 O(N3)，其中

N 为像元点个数，因此从两幅较大的影像中选取较

小的数据集来减少降维计算量并验证本文方法。

4． 1 实验 1

数据 1 来自美国普渡大学应用遥感实验室，为

华盛 顿 区 域 的 HYDICE 影 像。原 始 影 像 采 集 于

1998 年 8 月 23 日，除 去 由 于 大 气 吸 收 的 900—1
400 nm间的波段，剩余 191 波段，范围为 400—2400
nm，涵盖可见光和近红外区域。选取的小块数据覆

盖华盛顿中央广场的 Kutz 桥区域( 图 2)，大小为

100 × 100 像元，包含水体、道路、树木和草地 4 类主

要地物。图 3 看出，波段为 1—56 时，大多数地物光

谱曲线非常接近，难以区分。类似现象在波段为

103—191 时，大多数光谱曲线非常相似，除水体光

谱 DN 值最低。在波段 57—102，地物间光谱区分能

力增强，但道路与草地的光谱特征较为接近，仍较难

区分。实地踏勘发现，河岸水下不规则石块导致靠

岸的河床比其他区域高，水位较浅，整个水域可大致

分为浅水和深水区域。浅水区域的河床内部高度并

不一致，可以从 4 个采样区得到的水体光谱曲线反

映出来(图 3)。在波段 57—102，样本 1、样本 2 和

样本 3 的光谱曲线偏离标准光谱(样本 4)，但各样

本间光谱差异较小，较难区分。选用原始影像中近

红外 111 波段和蓝光 17 波段，采 用 经 典 的 水 体 归

一化指数(NDWI) ，无法从水体中提取浅水区域。
因此，采 用 流 形 坐 标 差 异 图 法 提 取 近 岸 浅 水

区域。
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经过交叉验证，Isomap 和 LTSA 降维中邻域大

小分别为 54 和 80;采用剩余残差法得到本征维数

为 2。采用流形坐标的光谱解释方法，对比观察光

谱曲线及两种流形坐标，Isomap 和 LTSA 流形坐标

与波段区间的光谱值的变化趋势如表 1 所示。总结

发现，对于 Isomap 和 LTSA 两种降维方法，第 1 维坐

标代表波段 1—56 及波段 103—191 的光谱特征;第

2 维坐标代表波段 57—102 的光谱特征。同时可以

看出，具有相同光谱解释的 Isomap 和 LTSA 两种坐

标的变化趋势相反。
同时，图 4(a) (b) 中 Isomap 和 LTSA 坐标分布

可以看出，两者的坐标分布非常相似，除了尺度和形

状朝向上的差异。归一化两种坐标至 0—1，两种流

形坐标分布的叠加如图 4(c) 所示。图中两种坐标

分布大部分重合，而 Isomap 坐标分布比 LTSA 更加

稀疏，这验证了两种方法的理论差异。

图 4 Isomap 和 LTSA 的坐标分布及两者的叠加图

图 5 为 Isomap 和 LTSA 的流形图及两者的差

异图，其中尺度因子 α 设置为 0 ． 87。图 5 ( f) 可

以看出，浅 水 区 域 出 现 于 第 2 维 差 异 图 中，并 未

出现于 Isomap 和 LTSA 的 流 形 图 中 ( 图 5 ( a)—
( d) )。这是由于 波 段 57—102 间 各 地 物 的 光 谱

差异相对较大，以及 Isomap 和 LTSA 方法在保持

地物光谱特征方面的差异，使得浅水区域通过加

权流形坐 标 相 减 而 变 得 清 晰。利 用 第 2 维 差 异

图，采用 K-均值聚类和腐蚀膨胀 形 态 学 算 法，得

到最终的浅水区域提取结果，如图 6 所示。可以

看出，除被 Kutz 桥掩盖的水体，浅水区域被基本

提取。

图 5 数据 1 中 Isomap 和 LTSA 的流形图及两者的差异图
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图 6 靠河岸的浅水区域的提取结果

4． 2 实验 2

数据 2 来自美国德克萨斯大学奥斯丁分校遥感

组，为博茨瓦纳的奥卡万戈三角洲区域的 Hyperion
高光谱数据。数据采集于 2001 年 5 月 31 日，空间

分辨率为 30 m，光谱分辨率为 10 nm，光谱范围是

400—2500 nm。Isomap 和 LTSA 方法对噪声非常敏

感，因此通过前期数据处理，删除低信噪比波段并修

复坏线，剩余 40 波段，波段区间为［5—44］，波长范

围为 396—796 nm。从图 7(a)的大幅影像中选取较

小区域，大小为 115 × 115 像元，如图 7(b) 所示。小

幅图像为奥卡万戈三角洲沼泽地区域，主要地物类

别为 4 类沼泽地植被，光谱曲线如图 8 所示。图

7(b)中，大范围沼泽地中隐现一条细长道路，属于

非典型地物。相比而言，在波段 1—24，道路与其他

地物的光谱差异比在波段 25—40 明显。利用 18 波

段并结合霍夫变换来提取该道路，但由于空间分辨

率较低，道路像元的光谱特征和主要地物非常相似，

较难提取得到。因此，采用流形坐标差异法提取沼

泽地中的低分辨率道路。

降维过程中，通过交叉验证，Isomap 和 LTSA 的

邻域大小分别为 34 和 280，剩余残差法得到本征维

数为 2。采用流形学习光谱解释方法，对比观察两

种流形坐标与光谱值的变化趋势如表 2 所示。总结

得出以下结论:Isomap 和 LTSA 坐标的第 1 维都代

表波段 1—24 的光谱信息; 第 2 维坐标代表波段

25—40 的光谱信息，然而两种方法的第 2 维坐标所

代表的光谱信息变化趋势相反。

表 2 流形坐标和光谱值的变化方向对比一览表

波段区间 DN 值变化方向

流形坐标

Isomap LTSA

第 1 维坐标 第 2 维坐标 第 1 维坐标 第 2 维坐标

波段 1—24 (↑) ↑ — ↑ —

波段 25—40 (↑) — ↑ — ↓

注:“↑”代表增大方向，“—”代表变化趋势不明显，“↓”代表减小方向。

图 9(a)(b) 中两种坐标的分布看出，Isomap 和

LTSA 流形坐标分布图非常相似，仅存在垂直向上的

差异。这同样说明 LTSA 的第 2 维坐标的坐标轴方

向与 Isomap 相反。两种坐标都被归一化至 0—1，同

时调整 LTSA 的第 2 维坐标轴方向与 Isomap 对应坐

标一致。图 9(c) 为调整后的两种坐标分布图的叠
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加，可看出两者坐标大部分非常吻合，而 Isomap 坐

标比 LTSA 分布更广泛。这再次验证两种方法的差

别，并支持实验 1 中的对比结论。
图 10 为 Isomap 和 LTSA 方法的流形图及其差

异图，其中尺度因子 α 为 0． 91。可以看出，由 于

LTSA 在局部光谱边缘特征方面的优势，道路隐现

于 LTSA 的 第 1 维 流 形 图 ( 图 10 ( c) )。同 时，图

10(e) 的第 1 维差异图看出，道路轮廓比原始影像

( 图 7 (b) ) 及 Isomap 和 LTSA 的 流 形 图 ( 图

10(a)—(d) ) 中更加清晰。这是由于第 1 维流形

坐标保留波段 1—24 的光谱信 息，而 1—24 波 段

内，道路与主要地物区分较强，再加上两种方法保

持地物光谱信息的差异，最终使得道路通过加权

流形图相减而变得更加明显。利用第 1 维流形图，

采用霍夫变换及形态学算法来提取道路，结果如

图 11。

5 结论和展望

本文提出流形坐标差异图法，利用这两种流形

坐标代表的光谱信息差异来提取影像内部的潜在特

征。首先，通过观察对比流形坐标和光谱曲线特征，

找到每一维流形坐标所对应的光谱解释。同时，Iso-
map 和 LTSA 流形坐标的尺度差别较大且变化方向

不一致，所以统一两种坐标尺度及坐标轴方向。最

后，通过两种流形图的加权相减，利用流形差异图提

取潜在特征。基于两个应用实例，实验结果证明本

文提出的方法能够提取 Isomap 和 LTSA 无法得到的
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图 11 大场景沼泽地中低分辨率道路的提取结果

潜在特征，如靠岸的浅水区域和大场景沼泽地中的

低分辨率道路。实验结果同时表明，潜在特征通常

出现于该地物光谱特征与其他地物差异较大的流形

差异图中。此外，实验中光谱解释所对应的波段区

别差别很大及对应流形坐标的维数不同，这是由不

同影像数据和影像中地物分布不规则和类别多样性

造成的。本文研究为提取高光谱影像潜在特征提供

一种新的研究方法，为高光谱影像的流形学习降维

研究提供参考和借鉴，但仍存在一些问题和不足。
首先，由于流形学习算法计算复杂度高，本文仅采用

较小的数据来验证方法。其次，考虑到观察对比高

维(3 维及以上) 流形坐标与光谱曲线的实践难度，

文中仅采用剩余残差法选择 2 维的流形坐标来展开

实例研究。最后，流形坐标差异图方法中参数的选

取，如 Isomap 和 LTSA 方法中邻域 k 及差异图中尺

度因子 α，都是通过交叉验证来人工选取，还未实现

自动化或半自动化智能估计。这些都是接下来重点

研究的方向。
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