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Integration of Spectral–Spatial Information for
Hyperspectral Image Reconstruction From

Compressive Random Projections
Wei Li, Member, IEEE, Saurabh Prasad, Member, IEEE, and James E. Fowler, Senior Member, IEEE

Abstract—Compressive-projection principal component analy-
sis (CPPCA) has been developed to provide reconstruction from
random projections of hyperspectral pixels and then subsequently
extended by coupling it with classification such that the resulting
class-dependent CPPCA yielded improved reconstruction perfor-
mance. This letter provides an even greater integration of spatial
and spectral information to further improve reconstruction per-
formance. Specifically, instead of a pixel-based modulo partition-
ing employed by the original CPPCA sender, this work proposes
an alternative block-based modulo partitioning, which preserves
local spatial coherence; spatial segmentation is combined with the
pixel-wise classification results using a majority voting rule at
the receiver. Experimental results demonstrate not only improved
reconstruction performance but also better detection of anomalies,
as compared with previous approaches.

Index Terms—Anomaly detection, hyperspectral image, ran-
dom projections, segmentation.

I. INTRODUCTION

IN conventional acquisition of hyperspectral imagery (HSI),
transformations such as the discrete wavelet transform or the

principal component analysis (PCA) are employed for spectral
dimensionality reduction (DR); for efficient transmission, it is
often desired that such DR takes place at the sender in a remote
sensing system. However, this paradigm of sender-side DR has
a disadvantage in that practical implementations of these trans-
formations, in particular, PCA, are typically computationally
expensive. Consider a zero-mean data set with samples X =
{xi}Mi=1 in R

N (N is the number of bands, and M is the total
number of samples), the covariance matrix is Σ = XXT /M ,
which requires MN2 multiplications. Furthermore, the eigen-
decomposition of Σ is computationally expensive (complexity
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O(N3)) for large spectral dimensionality and spatial size. This
signal acquisition paradigm hence imposes a heavy burden on
severely resource-constrained environments such as an airborne
or a satellite platform.

As an alternative to such traditional transform-based sensing
systems, in recent work, sender-side DR via random projections
has received particular interest. Such on-board DR is intended
to be simultaneously implemented with the signal-sensing pro-
cess directly within the hardware of the sensing device. For
a data set of M vectors in R

N , X = [x1 · · · xM ]; the
signal acquisition device of such a lightweight sender applies
an N × S orthonormal projection matrix P (for simplicity,
the matrix is generated with independent Gaussian random
variables followed by Gram–Schmidt orthogonalization) to ob-
tain random projections Y = PTX = [y1 · · · yM ], where
yi ∈ R

S , and S � N . The ratio S/N is referred as the subrate.
The data set X is then reconstructed at the receiver side of the
system from the random projections Y.

There are several approaches to reconstruct X from Y. The
most common is, perhaps, compressed sensing (CS) (see, e.g.,
[1]), although the recent compressive-projection PCA (CPPCA)
[2] has been demonstrated to achieve superior performance for
hyperspectral applications. In [3] and [4], a class-dependent
CPPCA algorithm was proposed to further improve CPPCA
by performing a class/object-dependent signal reconstruction.
However, these two state-of-the-art reconstruction techniques,
i.e., CPPCA and class-dependent CPPCA, exploit only the
spectral signatures within the data set, which may still be
suboptimal since such approaches do not include exploitation of
any spatial information. For hyperspectral images, pixels within
a small neighboring (homogeneous) region are usually com-
posed of similar materials; thus, the spatial correlation between
neighboring pixels can be exploited in the reconstruction from
random projections.

In this letter, we develop an effective strategy to exploit
contextual correlation between pixels within a small spatial
neighborhood during the signal-sensing process at the sender.
Departing from our prior work, we consider a block-based
modulo partitioning strategy, which exploits the spatial infor-
mation derived from a random-projected subspace at the sender.
For the receiver, a segmentation map via clustering based on
each projected block is combined with results obtained from
pixel-wise classification. By exploiting spatial and spectral
information jointly, the resulting receiver-side reconstruction
performance is significantly improved.

1545-598X © 2013 IEEE
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II. RECONSTRUCTION FROM RANDOM PROJECTIONS

Under the traditional CS paradigm, we attempt to recover
X = [x1 · · · xM ] from the compressive random projec-
tions Y = [y1 · · · yM ]. CS theory establishes that if vector
xi can be sparsely represented with some N ×N transform Ψ,
then we can recover xi from the projections via a nonlinear
reconstruction, i.e.,

x̃∗
i = argmin

x̃

‖x̃‖1, such that yi = PTΨx̃i. (1)

There are many algorithms that exploit this central idea of
CS; there exist multiple-vector reconstructions that can exploit
existing correlations between the data set vectors to simultane-
ously reconstruct the data set. One such algorithm is multi-task
Bayesian compressive sensing (MT-BCS) [5]; MT-BCS can be
used to reconstruct hyperspectral data that possess high inter-
feature correlation. However, in [2], CPPCA has been shown to
be superior to MT-BCS in both reconstruction performance and
execution speed.

We now briefly review the original CPPCA [2] and the class-
dependent CPPCA [4] algorithms, which form the basis for a
reconstruction strategy that exploits both spectral information
and local spatial context, which we propose in Section III. The
covariance matrix of X is Σ = XXT /M , and the traditional
PCA seeks a linear transformation W of eigenvectors resulting
from the eigendecomposition of Σ, i.e., Σ = WΛWT , where
W contains the N unit eigenvectors of Σ column wise. The
PCA transform of X is then ˜X = WTX.

In CPPCA, the receiver knows only projections Y and
the projection matrix P but not Σ, which means conven-
tional methods to produce eigenvectors via the decomposition
WΛWT will not work. On the other hand, the pro-
jected vectors have a covariance matrix ˜Σ = YYT /M =
PTXXTP/M = PTΣP. CPPCA is a reconstruction that em-
ploys a projection-onto-convex-sets (POCS) procedure [2] to
recover the principal eigenvectors based on an eigendecompo-
sition of ˜Σ. Specifically, the sender splits M zero-mean vectors
X into J partitions X(j) (j = 1, 2, . . . , J), each associated with
its own randomly chosen projection matrix P(j), 1 ≤ j ≤ J ,

such that we have Y(j) = P(j)TX(j). In [2], a pixel-based
modulo partition is used such that X(j) = {xi ∈ X|(i− 1)
mod J = j − 1}, with each X(j) closely resembling the entire
data set X statistically and, hence, possessing approximately
the same eigendecomposition of its covariance matrix (J =

20). At the CPPCA receiver, covariance matrices ˜Σ
(j)

are cal-
culated from Y(j). The POCS procedure is repeated to obtain
approximations of the first L principal eigenvectors in W using
the first L Ritz vectors us, which are, effectively, the projection-

domain eigenvectors of ˜Σ
(j)

. The recovered eigenvectors are
then used to find the PCA coefficients via a pseudoinverse. L is
given by the heuristic round(S/ logN) [6].

In the class-dependent CPPCA [3], [4], the sender-side
sensing procedure is exactly the same as that employed in
the original CPPCA. However, at the receiver, the random
projections Y are first classified into K groups using pixel-
wise classification, such as a support vector machine (SVM)

Fig. 1. (a) Previously used pixel-based modulo-partitioning for the traditional
CPPCA. (b) Block-based modulo-partitioning for the proposed reconstruction
algorithm. In both cases, the pixels are spatially traversed with a raster scan;
however, in (b), the raster scan is on blocks, thereby preserving spatial informa-
tion once modulo partitioning is applied.

classifier (see, e.g., [7]), in the projected subspace. After the
grouping procedure, CPPCA reconstruction is employed for
each group independently. Specifically, a small set of “exem-
plars” is first randomly chosen from the projections Y(j) to
be recovered using MT-BCS (which is efficient at recovering
a small number of samples unlike CPPCA, which requires
more samples to be effective). These reconstructed samples
are then clustered into different groups, producing “pseudo”
a priori label information (training data). A trained pixel-wise
classifier is then employed to classify each pixel in each Y(j)

into one of K classes. Thus, each Y(j) is further partitioned
into K groups, i.e., Y(j)

k , k = 1, . . . ,K, based on this classifier.
Next, CPPCA reconstruction is independently employed on
each of these class partitions. That is, for each k, we calculate
˜Σ
(j)

k = Y
(j)
k Y

(j)
k

T
/Mk,j and Ritz vectors uk,s, where Mk,j

are the number of vectors in Y
(j)
k . Finally, PCA coefficients are

calculated using the pseudoinverse ˜X
(j)
k = (P(j)TΨk)

†Y
(j)
k ,

where the L recovered eigenvectors for class k form Ψk =

[ŵk,1 · · · ŵk,L]. The ̂X
(j)
k are then merged into the final

reconstructed data set, i.e., ̂X.

III. SPECTRAL–SPATIAL CPPCA

As previously discussed, in the original CPPCA [2], a mod-
ulo procedure is used to partition the input data X into J
groups, such that X(j) = {xi ∈ X|(i− 1) mod J = j − 1}.
That is, the data X are separated via a pixel-based modulo parti-
tioning, which implies that the neighboring pixels are assigned
into different groups. Furthermore, we have projections Y(j) =

P(j)TX(j) such that neighboring samples in X are projected
by different measurement matrices P(j), j = 1, . . . , J . That
is, X(j) and X(j′) are projected into different spaces when
j ′ �= j, further implying that we cannot carry out any processing
(e.g., extracting spatial information) directly in these projected
groups simultaneously, i.e., the pixel-based modulo partitioning
destroys spatial coherence, an effect that is apparent in Fig. 1(a).

In this letter, we consider a distinct partitioning that pre-
serves at least some spatial coherence while at the same time
minimizing the resulting detrimental impact on CPPCA recon-
struction. A block-based modulo partitioning, which adopts a
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small size block-by-block spatial partitioning instead of a pixel-
by-pixel partitioning, is proposed. This can be represented as
X(j) = {xblocki

∈ X|(blocki − 1) mod J = j − 1}, as shown
in Fig. 1(b) (block size of 2 × 2 in this example). We found
that a block size ranging from 5 × 5 to 10 × 10 suffices for
our work (i.e., to preserve the spatial context while still being
beneficial to CPPCA). Before random sampling, the data set
X is separated into J subsets via such a block-based modulo
partitioning. In doing so, spatial structures potentially useful for
classification/segmentation in random-projected subspaces are
preserved.

More specifically, for every HSI data cube ˜Y (M1 ×M2 × S
under the same measurement matrix), the total number of
samples is M1M2, and S is the dimension of the projected
subspace. Segmentation (partitioning an image into homoge-
neous regions with a certain criterion) is helpful in highlighting
the spatial structure in remotely sensing data. For each cube,
spectral dimensionality is reduced via random projections, but
spatial coherence is preserved due to the block-based modulo
partitioning. Integration of spatial and spectral features for HSI
analysis is being actively explored within the remote sensing
community [8].

In the class-dependent CPPCA [3], [4], we employ a pixel-
wise classification, namely, SVM classification with a radial
basis function (RBF) kernel, in the projected subspace to obtain
a map, which guides the CPPCA algorithm toward improved
reconstruction performance. In this letter, block region segmen-
tation and pixel-wise classification are independently applied.
The final map is combined via a majority voting rule [8]. In do-
ing so, spatially homogeneous regions (contextual information)
of each projected HSI cube are considered in the segmentation
map. Such an approach is expected to work particularly well
in removing the salt-and-pepper errors that often occur when
performing pixel-wise classification only. Here, we employ
several common algorithms for HSI segmentation, namely,
K-means clustering and hierarchical clustering [9].

The proposed reconstruction algorithm is as follows. At the
sender: The input data set X is separated via block-based
modulo partitioning and projected by the measurement matrix
P(j), j = 1, 2, . . . , J , producing random projections Y(j) =

P(j)TX(j). At the receiver: The pixel-wise classification map
is produced via the process of random selection of a few “ex-
emplars” from the image, as was done in the class-dependent
CPPCA. For each projected block (spatial size M1 ×M2), clus-
tering technique is applied, and then, the resulting clustering
map is combined with the pixel-wise classification map using
the majority voting principle [8]. During this process, each
pixel from the random projections Y(j) is classified into one
of K classes. Thus, each Y(j) is further partitioned into K

groups Y(j)
k , k = 1, . . . ,K, based on this integrated map. Next,

CPPCA reconstruction is independently employed on each of
the class partitions. For each partition, the input for the recon-
struction approach is Yk. Finally, ̂Xk is reconstructed from
{Y(j)

k }Jj=1, and the ̂Xk are merged into the final reconstructed

data set ̂X.
There are two pivotal advantages of this approach compared

with the pixel-wise class-dependent CPPCA algorithm: 1)

TABLE I
CLASSIFICATION ACCURACY (IN PERCENT) VERSUS SUBRATE

IN PROJECTED SUBSPACE USING THE SVM CLASSIFIER

The block-based modulo partitioning employed at the encoder
preserves the spatial coherence (it also potentially preserves
information about anomalies in the image under the projection,
as will be discussed in the next section); and 2) the spatial seg-
mentation, using local neighborhoods, is combined with pixel-
wise classification results to produce an integrated map, which
provides a more accurate unsupervised classification of the
scene. Reduction in the salt-and-pepper misclassification via
this integrated approach is expected to improve the performance
of the class-dependent CPPCA.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

We use several HSI data sets in our experimental evalu-
ations, including the Hyperspectral Digital Image Collection
Experiment (HYDICE) image depicted in Fig. 4(a). This scene
consists of 64 × 64 pixels with 210 spectral bands. In this letter,
a total of 169 bands is used after removal of water absorption
bands with a spatial resolution of 1.56 m. The ground truth
includes 19 anomalous pixels corresponding to 15 panels cov-
ered with varying substances in known locations, as depicted
in Fig. 4(b). We also use a second HYDICE image, which
covers the Washington DC Mall area and represents an urban
scenario with 1280 × 307 pixels and 191 spectral bands. A third
data set was collected by the Reflective Optics System Imaging
Spectrometer (ROSIS) sensor under the HySens project. The
image (the University of Pavia area) has a spatial coverage of
610 × 340 with 103 spectral bands with a spatial resolution
of 1.3 m.

Table I demonstrates the classification performance for two
data sets in the domain of random projections, as compared
with that in the original data space. For the Washington DC
Mall data, 7 classes are used; the numbers of labeled pixels
are 3834, 416, 175, 1928, 405, 1224, and 97, respectively; and
18 samples chosen for each class are used for training. For
the University of Pavia data, 9 classes are used; the numbers
of labeled pixels are 6631, 18 649, 2099, 3064, 1345, 5029,
1330, 3680, and 947, respectively; and 150 samples chosen for
each class are used for training. Leave-one-out cross-validation
(LOOCV) is considered for parameter tuning.

In Table I, the SVM classifier is employed to evaluate the
classification performance in the original data domain and in
the randomly projected subspace. Here, “original” indicates
that the SVM classifier is employed in the original data domain,
whereas “projected-spectral” refers that an SVM classifier em-
ployed in the projected domain for pixel-wise classification.
Finally, “projected-spectral-spatial” refers to spectral–spatial
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TABLE II
GAP BETWEEN THE FIRST AND SECOND EIGENVALUES, δ = λ1 − λ2

classification in the projection domain, i.e., the segmentation
map (produced by clustering at the block level) is integrated
into the pixel-wise classification (as produced by the SVM
classifier) via majority voting. To avoid any biases, we repeat
the experiment 20 times and report the average classification
accuracy. For the Washington DC Mall data, the accuracy
of the SVM classifier is 78.73% in “original” space; for the
University of Pavia data, the value is 82.71% in “original”
space. From Table I, it can be seen that performing reliable
ground-cover classification in the randomly projected subspace
is indeed possible and that classification accuracies in the
random subspace domain are higher, as compared with that
in the original data domain when the subrate is around 0.2
or 0.3. Furthermore, the spectral–spatial classification signifi-
cantly outperforms the pixel-wise classification in the randomly
projected subspace, being, on an average, 5% higher. We note
that the SVM classifier is trained via LOOCV using available
training samples and implemented for experimental data sets
with optimal parameters.

In [2] and [4], eccentricity1 has been proven to be essential
for CPPCA since a large eccentricity guarantees the recon-
structed principal eigenvectors to be accurate. The distribution
of data being highly eccentric means the primary eigenvalues
should be sufficiently distinct (i.e., widely separated in value)
from one another. The drop in the eigenvalues calculated from
the covariance matrix is considered to be a measure of the
eccentricity of real hyperspectral data. In [4], we have presented
the gap values for the entire data set against those calculated
from three individual clusters produced in the image by the
class-dependent strategy: The gap using the whole data set for
the Washington DC Mall data is 7.89, and the value for the
University of Pavia data is 5.28. In this letter, for testing eccen-
tricity, we further compare the gap values calculated using the
proposed method, which employs the integrated classification
map for grouping. From the results in Table II, it can bee seen
that the proposed strategy increases the eccentricity and will be
more effective for signal reconstruction.

Two different hyperspectral images are used for evaluating
the performance of various reconstruction strategies. The origi-
nal CPPCA [2] is employed as the baseline algorithm, whose
efficacy is compared with that of other methods: 1) Block-
based modulo partitioning is employed at the sender, and the
reconstruction is exactly the same as in the original CPPCA
receiver. This algorithm is called B-CPPCA here. We attempt
to evaluate the effect of the block-based modulo partitioning

1Eccentricity means that the eigenvalues are widely separated from each
other. Specifically, [2] proves that the gap between eigenvalues determines the
upper bound of the angle between the first Ritz vector and the first projected
eigenvector.

Fig. 2. Reconstruction performance for the Washington DC Mall data set,
average SNR for varying subrate.

Fig. 3. Reconstruction performance for the University of Pavia data set,
average SNR for varying subrate.

for original CPPCA reconstruction compared with the previous
pixel-based modulo partitioning. 2) Kmeans-B-CPPCA refers
to spectral–spatial segmentation based on K-means at the block
level, followed by a majority vote with the pixel-wise classi-
fication map. 3) Hierarchical-B-CPPCA refers to block-level
spectral–spatial segmentation. The single-linkage algorithm is
used in the hierarchical clustering implementation.

For class-dependent CPPCA, Kmeans-B-CPPCA, and
Hierarchical-B-CPPCA, the number of “exemplar” samples
recovered by MT-BCS is chosen as approximately 1500 for the
two data sets. The block size employed for these algorithms is
10 × 10. We also compare the results with a 5 × 5 block and
find that the two provide a very similar performance.

In Figs. 2 and 3, we observe that the proposed reconstruction
methods yield an average signal-to-noise ratio (SNR) sub-
stantially higher than that of the previously developed class-
dependent CPPCA and the original CPPCA over a range of
practical subrates. For the urban Washington DC Mall data
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Fig. 4. (Top left) False-color image of the 15-panel HYDICE scene. (Top
right) Ground truth map of the 19 anomalous pixels. (Bottom) ROC curves
for the RX detectors in the original signal domain and in the projection domain
at subrate 0.2.

set, the proposed algorithms achieve a 2- to 5-dB improvement
in SNR. For the University of Pavia data set, the proposed
algorithms achieve approximately a 1-dB improvement in SNR.
We notice that the performance of B-CPPCA is always close to
that of CPPCA, which validates that the block-based modulo
partitioning does not have a negative affect on conventional
CPPCA reconstruction.

Additionally, we demonstrate that block-based modulo parti-
tioning preserves the spatial context that is critical in anomaly
detection tasks, even when performed in a random-projected
subspace as in [10]. Specifically, we use the popular RX al-
gorithm [11] and plot in Fig. 4 receiver operator characteristic
(ROC) curves for detection in the original signal domain, in
the projected subspace using pixel-based modulo partitioning
(as in [10]), and in the projected domain using block-based
modulo partitioning. The 15-panel HYDICE image is used (due
to the small size of this scene, we use J = 4 and a block size of
8 × 8). We see that the RX detector operating with the block-
based modulo partitioning followed by the random-projected
subspace outperforms the other detector operating with the
pixel-based modulo partitioning.

Finally, we compare the computational complexity of the
proposed methods with that of MT-BCS [5], the original CP-
PCA, and the class-dependent CPPCA for the University of
Pavia data set at subrate 0.2. We have MT-BCS (2442 s), CP-
PCA (74 s), B-CPPCA (77 s), class-dependent CPPCA (380 s),
Kmeans-B-CPPCA (392 s), and hierarchical-B-CPPCA (384 s).

We found that the proposed methods are a little slower than
the class-dependent CPPCA due to the fact that they carry the
additional burden of block-based segmentation.

V. CONCLUSION

In previous work [2], [4], we found that CPPCA and class-
dependent CPPCA exhibit high-quality reconstruction perfor-
mance for HSI from random projections. However, these two
algorithms are implemented for reconstruction using only spec-
tral information, ignoring the spatial context. In contrast, in
this letter, we consider an integration of both spectral and
spatial information for HSI reconstruction from random pro-
jections. Specifically, a block-based modulo partitioning is
constructed to preserve spatial coherence, yielding two sig-
nificant benefits. The first is an improved ability to perform
anomaly detection in the projected subspace. The second is
a spectral–spatial segmentation, which, when combined with
spectral-based pixel-wise classification, results in more ac-
curate segmentation and classification, further improving the
performance of class-dependent CPPCA reconstruction. Exper-
imental results demonstrated that the proposed scheme signifi-
cantly outperforms traditional reconstruction techniques over a
wide range of subrates.
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