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ROUGH WAVELET GRANULAR SPACE AND 
CLASSIFICATION OF MULTISPECTRAL 

REMOTE SENSING IMAGE 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application claims the bene?t of International 
Patent Application Serial No. PCT/IB201 1/000045 ?led on 
Jan. 13, 2011. The disclosures of the International Patent 
Application are hereby incorporated by reference for all pur 
poses. 

BACKGROUND 

[0002] Unless otherWise indicated herein, the materials 
described in this section are not prior art to the claims in this 
application and are not admitted to be prior art by inclusion in 
this section. 

[0003] Granular computing refers to computation and 
operations performed on information granules (group of 
similar objects or points). Its applicability covers conceptual 
and computational paradigms of studying information and 
knoWledge processing. Information granules may be con 
structed speci?cally in spatial domain and applied to various 
areas, including automatic target recognition, color image 
segmentation, and remote sensing image classi?cation. Mul 
tispectral remote sensing images may contain information 
over a large range of variation of frequencies, Which may also 
change over regions. Such data have both spectral features 
With correlated bands and spatial features correlated in the 
same band. Simultaneous utiliZation of the spectral and spa 
tial (contextual) information in an effective manner may 
enhance the analysis. Methods utiliZing the merits of local 
information in a band for the classi?cation of images, for 
example, texture features extracted from angular second 
moments, contrast, correlation, entropy and variance based 
on the grey-level co-occurrence matrices have found Wide 
applications. HoWever, these methods are typically computa 
tionally expensive. 
[0004] Wavelet transform (WT) is employed as a tool for 
analyZing texture regions of images, inboth spatial (time) and 
spectral (frequency) domains. Thus, WT may be used for 
extraction of contextual information of pixels in images by 
Wavelet granulation (i.e., group of similar information in WT 
domain) of a feature space. Although shift variant WT is quite 
attractive for various applications, it does not maintain the 
indispensable property of textural analysis, like time invari 
ance, and makes it insu?icient for dealing With texture analy 
sis. Furthermore, the redundant representation of input using 
WT may increase the feature dimension and bring additional 
complexity in solving tasks associated With pattern recogni 
tion, machine learning and data mining. 
[0005] Rough set theory has been shoWn to be an effective 
tool for feature selection, uncertainty handling, knoWledge 
discovery, and rule extraction from categorical data. The 
theory enables the discovery of data dependencies and per 
forms the reduction/ selection of attributes contained in a data 
set using the data alone, requiring no additional information. 
While rough sets may be used as an effective tool to deal With 
both vagueness and uncertainty in data sets and to perform 
granular computation, they may be used for numerical data 
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With the discretiZation of the data, Which may result in the loss 
of information and introduction of noise. 

SUMMARY 

[0006] The present disclosure describes a method for per 
forming rough-Wavelet based analysis of spatio-temporal 
patterns. The method includes generating a Wavelet granu 
lated space of features associated With a multispectral image, 
selecting features based on a rough set evaluation, removing 
redundant features, and/or classifying patterns based on 
selected features. 
[0007] The present disclosure further provides an apparatus 
for performing rough-Wavelet based analysis of spatio-tem 
poral patterns. The apparatus may include a memory con?g 
ured to store instructions and data associated With an input 
pattern vector of a multispectral image and a processor 
coupled to the memory, Where the processor is adapted to 
generate a Wavelet granulated space of features associated 
With the multispectral image, select features based on a rough 
set evaluation, remove redundant features, and/or classify 
patterns based on selected features. 
[0008] The present disclosure also describes a computer 
readable storage medium With instructions stored thereon for 
performing rough-Wavelet based analysis of spatio-temporal 
patterns. The instructions may include generating a Wavelet 
granulated space of features associated With a multispectral 
image, selecting features based on a rough set evaluation, 
removing redundant features, and/ or classifying patterns 
based on selected features, Where spectral band values may be 
used as features. 

[0009] The foregoing summary is illustrative only and is 
not intended to be in any Way limiting. In addition to the 
illustrative aspects, embodiments, and features described 
above, further aspects, embodiments, and features Will 
become apparent by reference to the draWings and the fol 
loWing detailed description. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0010] The beloW described and other features of this dis 
closure Will become more fully apparent from the folloWing 
description and appended claims, taken in conjunction With 
the accompanying draWings. Understanding that these draW 
ings depict only several embodiments in accordance With the 
disclosure and are, therefore, not to be considered limiting of 
its scope, the disclosure Will be described With additional 
speci?city and detail through use of the accompanying draW 
ings, in Which: 
[0011] FIG. 1 illustrates example ?oWs for tWo-dimen 
sional shift-variant and shift-invariant discrete Wavelet trans 
forms for one-level decomposition; 
[0012] FIG. 2 illustrates an example for tWo-dimensional 
Wavelet transform and its spectral subspaces for one-level 
decomposition; 
[0013] FIG. 3 illustrates feature elements generation With 
one spectral band of image using WT decomposition; 
[0014] FIG. 4 illustrates an example schematic ?oW dia 
gram of a classi?cation process combining shift-invariant 
Wavelet transform and neighborhood rough set based feature 
selection; 
[0015] FIG. 5 illustrates an example of feature elements 
generation With one spectral band of image using Wavelet 
transform decomposition; 
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[0016] FIG. 6 illustrates a general purpose computing 
device, Which may be used to implement classi?cation pro 
cess combining shift-invariant Wavelet transform and neigh 
borhood rough set based feature selection; 
[0017] FIG. 7 is a How diagram illustrating an example 
method for rough-Wavelet granular space based classi?cation 
of multispectral images that may be performed by a comput 
ing device such as device 600 in FIG. 6; and 
[0018] FIG. 8 illustrates a block diagram of an example 
computer program product; all arranged in accordance With at 
least some embodiments described herein. 

DETAILED DESCRIPTION 

[0019] In the folloWing detailed description, reference is 
made to the accompanying draWings, Which form a part 
hereof In the draWings, similar symbols typically identify 
similar components, unless context dictates otherWise. The 
illustrative embodiments described in the detailed descrip 
tion, draWings, and claims are not meant to be limiting. Other 
embodiments may be utilized, and other changes may be 
made, Without departing from the spirit or scope of the subject 
matter presented herein. It Will be readily understood that the 
aspects of the present disclosure, as generally described 
herein, and illustrated in the Figures, can be arranged, substi 
tuted, combined, separated, and designed in a Wide variety of 
different con?gurations, all of Which are explicitly contem 
plated herein. 
[0020] This disclosure is generally draWn, inter alia, to 
methods, apparatus, systems, devices, and/or computer pro 
gram products related to analysis of multispectral images 
using rough-Wavelet granular space. 
[0021] Brie?y stated, shift-invariant Wavelet transform 
With properly selected Wavelet base and decomposition level 
(s) may be used to characterize rough-Wavelet granules pro 
ducing Wavelet granulation of a feature space for a multispec 
tral image such as a remote sensing image. Through the use of 
the granulated feature space contextual information in time 
and/ or frequency domains may be analyzed individually or in 
combination. Neighborhood rough sets (NRS) may be 
employed in the selection of a subset of granulated features 
that further explore the local and/ or contextual information 
from neighbor granules. 
[0022] FIG. 1 illustrates example ?oWs for tWo-dimen 
sional shift-variant and shift-invariant discrete Wavelet trans 
forms for one-level decomposition arranged in accordance 
With at least some embodiments described herein. Image 
classi?cation in digital image processing categorizes images 
into different groups based on one or more prede?ned clas 
si?cation criteria. Image classi?cation may be performed in 
tWo stages: image feature extraction from a source image and 
construction of an image classi?er. 
[0023] Feature extraction methods may be grouped under 
three major categories: statistics-based methods, model 
based methods, and ?lter-based methods. Statistics-based 
methods use image statistical features, such as color histo 
grams, to represent an image. Model-based methods employ 
a probability distribution model to describe the source image, 
such as Markov chains and/ or Markov random ?elds. Filter 
based methods may employ a bank of ?lters to transform the 
source image into frequency or time domain from spatial 
domain, Where the image features are de?ned using trans 
formed coe?icients. Wavelet ?lters may be used to decom 
pose a source image into different sub-bands, Where the 
image features are characterized by the Wavelet coe?icients. 
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[0024] According to some embodiments a rough-Wavelet 
granular space based model may be used for land cover clas 
si?cation of multispectral remote sensing images or other 
images, Where shift-invariant granules are formulated in the 
Wavelet domain. The shift-invariant Wavelet transform With 
properly selected Wavelet base and decomposition level(s), 
may be used to characterize rough-Wavelet granules produc 
ing Wavelet granulation of the feature space for the multispec 
tral image. Furthermore, NRS may be employed to select a 
sub set of granulated features for further examining local and/ 
or contextual information from neighbor granules. 
[0025] Thus, a model according to some embodiments 
exploits shift-invariant Wavelet granulation and NRS mutu 
ally, Which may enhance an ef?ciency and accuracy of the 
computation especially in the pattern classi?cation With over 
lapping classes. 
[0026] The Wavelet transform (WT) is primarily developed 
for the analysis of non-stationary signals. The transform oper 
ates on a dual plane instead of Working on a single plane (time 
or frequency). The transform performs the decomposition of 
signal into a number of scales, Where each scale represents a 
particular coarseness of that signal. The discrete WT (DWT) 
has become largely popular because of its computationally 
e?icient implementation using the Mallat algorithm in com 
putation and in practical implementation through banks of 
?lters and gates. Broadly, the DWT may be categorized as 
shift/time/translation-variant (non-redundant) and shift-in 
variant (redundant). TWo-dimensional (2D) shift-variant 
DWT (SV-DWT) (extension of one-dimensional SV-DWT) 
may be implemented as a separable ?lter bank 110 in roW 
(112) and column (116) directions, Which performs one-level 
decomposition of an image into four sub-images in four equal 
sub-bands, as shoWn in Diagram 100. 
[0027] H and L in ?lter bank 110 denote the high-pass and 
loW-pass ?lters, respectively. [,2 (114 and 118) components 
represent the doWn sampling operation by a factor of 2 (deci 
mation). Approximate image LL (119) is the loW-frequency 
component obtained by loW-pass ?ltering of the input in both 
roW (112) and column (116) directions. The detail images 
LH, HL, and HH are the high-frequency components includ 
ing horizontal, vertical and diagonal information, respec 
tively. For more levels of DWT decomposition, the loWer 
frequency component (LL) may be recursively processed. 
With this process, the SV-DWT With Q-level of decomposi 
tion may generate a total of 3Q+l sub-bands. 
[0028] Filter bank 120 is an example of shift-invariant 
DWT (SI-DWT), Where doWn-sampling is not performed in 
roW (122) and column (124) ?lter stages. Instead, an input to 
the next level (125) is subjected to up-sampling through loW 
pass and high-pass paths (126 and 128). 
[0029] FIG. 2 illustrates an example for tWo-dimensional 
Wavelet transform and its spectral subspaces for one-level 
decomposition in accordance With at least some embodi 
ments described herein. SV-DWT can support compression 
Without substantial loss or redundancy of information 
betWeen the levels. HoWever, time may vary in SV-DWT (i.e., 
the coef?cients of a delayed information are not a time 
shifted version of those of the original), Which may result in 
degradation of performance in texture analysis such as land 
cover regions in remote sensing images. 
[0030] Shift-invariant DWT (SI-DWT), on the other hand, 
performs the decomposition Without a doWn-sampling opera 
tion, and the ?lter coef?cients (L and H) are up-sampled ('I‘ 2) 
by a factor of 2 for use at a next level of decomposition, as 
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discussed above. As a result, the SI-DWT may provide a 
shift-invariant representation of the input. Similar to 2D SV 
DWT, 2D SI-DWT decomposes the original frequency band 
into four equal sub-bands With one-level of decomposition 
(LL 240, LH 238, HL 234, and HH 236). Diagram 200 illus 
trates a corresponding frequency partition With the horiZontal 
axis shoWing whorl-20mg] 230 and the vertical axis shoWing 
cavern-cal 232. The siZes of the sub-images obtained by SV 
DWT may decrease With the increase of decomposition lev 
els, Whereas their siZes may remain the same as the original 
using SI-DWT. 
[0031] FIG. 3 illustrates feature elements generation With 
one spectral band of image using WT decomposition in accor 
dance With at least some embodiments described herein. 

[0032] In some example implementations, spectral (band) 
values may be used as features for a multispectral remote 
sensing image 342. DWT decomposition 344 of image 342 
may be performed up to the desired levels (level 1 through Q) 
and corresponding sub-images 346, 348 may be obtained. 
Since the pixels of the sub-images at different levels represent 
the information of the original pixels, these pixel values may 
be employed to construct the pattern vector. The sub-images 
may then be cascaded so that the extracted features of the 
original multispectral image can be obtained. Diagram 300 
shoWs cascading of sub-images 346, 348 of a single band 
image obtained by Q-level of DWT decomposition. The cas 
cading process may be extended for the sub-images of multi 
band images. 
[0033] FIG. 4 illustrates an example schematic ?oW dia 
gram of a classi?cation process combining shift-invariant 
Wavelet transform and neighborhood rough set based feature 
selection in accordance With at least some embodiments 
described herein. As illustrated summarily in diagram 400, 
image classi?cation according to some embodiments may be 
performed in three stages: generation of Wavelet granulated 
feature space from an input pattern (452), removal of redun 
dant features using rough set or neighborhood rough set 
(454), and classi?cation based on the selected features (456). 
[0034] According to some embodiments, SI-DWT may be 
employed to characterize the feature values in Wavelet granu 
lation of the input pattern vector of a multispectral remote 
sensing image. The SI-DWT identi?es both scale and space 
information of the event simultaneously to build a granular 
space enhancing the classi?cation for data sets With overlap 
ping classes. Based on the number of decomposition level(s), 
each of the input feature spaces may be represented by the 
corresponding number of equal areas frequency planes, thus, 
producing Wavelet granules in a time-frequency plane. As a 
Whole, the granulated feature space may constitute 4” and 7” 
granules in n-dimension feature space for one and tWo levels 
of DWT decomposition, respectively. 
[0035] The decomposition level depends on the type of 
requirement and varies With the image processing in hand. 
Average entropy may be computed providing a measure of 
information of the image for each level. The average entropy 
value may not change substantially after a certain level of 
decomposition. Thus, the decomposition may be stopped 
after a feW levels, for example, after the second level. After 
that level, the cost of computation may continue to increase, 
While no substantial neW information may be gained. Various 
distinguishable characteristics like spatio-geometric infor 
mation and energy at different scales, Which are normally 
called the signature of the land covers in remote-sensing 
images, may be preserved With the DWT decomposition 
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using orthogonal basis and further enhanced using bi-or 
thogonal bases. Hence, a bi-or‘thogonal group of Wavelet 
bases may be employed in an image processing system 
according to some embodiments. 

[0036] The bi-or‘thogonal bases may be more desirable than 
orthogonal ones because they can maintain linear phase char 
acteristic With ?nite number of impulse responses and the 
Wavelets have high regularity. In the Wavelet granulation pro 
cess, each feature value may be represented by 7 sub-bands 
characterizing 7 Wavelet granules along the axis and result in 
the increase of feature dimension. The increased dimension 
may increase a complexity of some of the tasks of pattern 
recognition, as in land cover classi?cation of remote sensing 
image. Thus, a sub set of relevant and non-redundant features 
may be selected. According to other embodiments, a neigh 
borhood rough set (N RS) based feature selection method may 
be employed in the second operation of the process. NRS can 
deal With both numerical and categorical data and does not 
require any discretiZation of numerical data. Moreover, the 
neighboring sets facilitate gathering of possible local infor 
mation through neighbor granules that provide enhanced 
class discrimination information. Thus, by taking advantage 
of the combination of shift-invariant Wavelet granulation and 
NRS feature selection methods, an enhanced frameWork may 
be provided for the classi?cation of patterns in overlapping 
class environment. 

[0037] Rough sets create approximate descriptions of 
objects for data analysis. In computing rough sets, loWer and 
upper approximations may be determined The loWer approxi 
mation is a description of the domain objects, Which are 
knoWn With certainty to belong to the subset of interest, and 
the upper approximation is a description of the objects, Which 
possibly as Well as de?nitely belong to the subset. Rough sets 
may be employed to remove redundant conditional features, 
While retaining their information content and enabling dis 
covery of data dependencies and selection of feature subsets 
contained in a data set using the data alone Without additional 
information. According to some examples, rough sets may 
partition the object space based on a feature set using an 
equivalence relation. The partition spaces thus generated are 
also knoWn as granules. The generated granules may become 
the elemental building blocks for information granulation 
process used for data analysis. A measure of signi?cance may 
then be determined by evaluating the change in dependency 
When a feature is removed from the set. The higher the change 
in dependency, the more signi?cant a particular feature may 
be. Based on this signi?cance a minimum element feature 
subset may be searched and located. 

[0038] For ef?ciency of computing and resource manage 
ment, a quickreduct algorithm may be employed for large 
data sets. A quickreduct algorithm calculates a minimum 
element feature set Without exhaustively generating all pos 
sible subsets. The reduction of attributes may be achieved by 
comparing equivalence relations generated by sets of 
attributes. Attributes may be removed so that the reduced set 
provides the same predictive capability of the decision feature 
as the original.A reduct may be de?ned as a subset of minimal 
cardinality Rmin of the conditional attribute set C such that 
YR(D)WC(D). Additionally, an element of pruning may be 
introduced in a quickreduct algorithm. By noting the cardi 
nality of any pre-discovered reducts, the current possible 
subset may be ignored if it contains more elements. The 
selected features may then be used for the classi?cation pro 
cess. 
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[0039] Based on the signi?cance of a feature(s), the subset 
of features (reduct) may be evaluated using neighborhood 
rough set theory according to further embodiments. One or 
more suitable sets of reducts may be obtained based on the 
signi?cance. A forward greed search algorithm may be 
employed for feature selection using neighborhood rough set. 
[0040] After the features are selected, a classi?er may be 
used to classify the input pattern based on the selected fea 
tures. According to some embodiments, a threshold value for 
various distances used in NRS, beyond Which classi?cation 
performance falls substantially, may also be determined. 
Inclusion of rough set theoretic feature selection method may 
not only increase the performance of the image processing 
system, but also reduce a computational time needed for 
Wavelet based classi?cation. In addition to multispectral 
remote sensing image classi?cation, the model described 
herein may be used for the analysis of other spatio-temporal 
patterns such as texture analysis forAugmented Reality (AR) 
applications. 
[0041] A comparative analysis With total computational 
time (obtained from the sum of the training and testing times) 
for a k-nearest neighbor classi?er (k-NN With kIl ), a Wavelet 
granulation and a k-NN classi?er (W1Ihk:l ), a Wavelet granu 
lation With rough set based feature selection and a k-NN 
classi?er (With kIl), and a Wavelet granulation With NRS 
based feature selection and a k-NN classi?er (With kIl), 
illustrates that the total computation time values for Wavelet 
granulation based model is higher With reduced accuracy, 
compared to rough-Wavelet granulation and feature selection 
based models. 
[0042] A percentage of gain of the four models discussed 
above also shoWs that the Wavelet granulation With NRS 
based feature selection and a k-NN classi?er (With kIl) pro 
vides additional accuracy. Embodiments are not limited to 
Wavelet granulation With NRS based feature selection and a 
k-NN classi?er (With kIl). Other classi?ers such as k-NN 
(k:3), k-NN (k:5), maximum likelihood (ML) classi?er, or 
multi-layered perceptron (MLP) may also be employed in the 
third operation of the process. The comparatively high e?i 
ciency and accuracy of the model using Wavelet granulation 
With NRS based feature selection and a classi?er over other 
models mentioned above can also be illustrated experimen 
tally. 
[0043] FIG. 5 illustrates an example of feature elements 
generation With one spectral band of image using Wavelet 
transform decomposition in accordance With at least some 
embodiments described herein. Diagram 500 displays a pic 
torial vieW of generated Wavelet granules for one-level DWT 
decomposition in tWo-dimensional (F1 and F2) feature space 
566. Granule number 7 (568), for example, is characterized 
by frequency planes P13 and P22 of the original frequency 
planes 564 and 562, respectively. As a Whole, the granulated 
feature space constitutes 4” and 7” granules in n-dimension 
feature space for one and tWo levels of DWT decomposition, 
respectively. 
[0044] Based on the number of decomposition level(s), 
each of the input feature spaces may be represented by a 
corresponding number of equal areas frequency planes (e.g., 
562, 564), thereby producing Wavelet granules in time-fre 
quency plane. 
[0045] FIG. 6 illustrates a general purpose computing 
device, Which may be used to implement classi?cation pro 
cess combining shift-invariant Wavelet transform and neigh 
borhood rough set based feature selection in accordance With 
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at least some embodiments described herein. In a very basic 
con?guration 602, computing device 600 typically includes 
one or more processors 604 and a system memory 606. A 
memory bus 608 may be used for communicating betWeen 
processor 604 and system memory 606. 
[0046] Depending on the desired con?guration, processor 
604 may be of any type including but not limited to a micro 
processor (uP), a microcontroller (uC), a digital signal pro 
cessor (DSP), or any combination thereof. Processor 604 may 
include one more levels of caching, such as a level cache 
memory 612, a processor core 614, and registers 616. 
Example processor core 614 may include an arithmetic logic 
unit (ALU), a ?oating point unit (FPU), a digital signal pro 
cessing core (DSP Core), or any combination thereof. An 
example memory controller 618 may also be used With pro 
cessor 604, or in some implementations memory controller 
618 may be an internal part of processor 604. 

[0047] Depending on the desired con?guration, system 
memory 606 may be of any type including but not limited to 
volatile memory (such as RAM), non-volatile memory (such 
as ROM, ?ash memory, etc.) or any combination thereof. 
System memory 606 may include an operating system 620, 
one or more applications 622, and program data 624. Appli 
cation 622 may include a Wavelet computation module 626 
that is arranged to perform rough-Wavelet based analysis of 
spatio-temporal patterns by generating a Wavelet granulated 
space, selecting features based on a rough set evaluation, 
removing redundant features, and classifying the patterns 
based on the selected features and any other processes, meth 
ods and functions as discussed above. Program data 624 may 
include one or more of analysis data 628 (e.g., image data, 
etc.) and similar data as discussed above in conjunction With 
at least FIG. 1 through 5. This data may be useful for process 
ing remote sensing and similar images as is described herein. 
In some embodiments, application 622 may be arranged to 
operate With program data 624 on operating system 620 such 
that sWitch tra?ic is scheduled as described herein. This 
described basic con?guration 602 is illustrated in FIG. 6 by 
those components Within the inner dashed line. 
[0048] Computing device 600 may have additional features 
or functionality, and additional interfaces to facilitate com 
munications betWeen basic con?guration 602 and any 
required devices and interfaces. For example, a bus/ interface 
controller 630 may be used to facilitate communications 
betWeen basic con?guration 602 and one or more data storage 
devices 632 via a storage interface bus 634. Data storage 
devices 632 may be removable storage devices 636, non 
removable storage devices 638, or a combination thereof 
Examples of removable storage and non-removable storage 
devices include magnetic disk devices such as ?exible disk 
drives and hard-disk drives (HDD), optical disk drives such as 
compact disk (CD) drives or digital versatile disk (DVD) 
drives, solid state drives (SSD), and tape drives to name a feW. 
Example computer storage media may include volatile and 
nonvolatile, removable and non-removable media imple 
mented in any method or technology for storage of informa 
tion, such as computer readable instructions, data structures, 
program modules, or other data. 

[0049] System memory 606, removable storage devices 
636 and non-removable storage devices 638 are examples of 
computer storage media. Computer storage media includes, 
but is not limited to, RAM, ROM, EEPROM, ?ash memory or 
other memory technology, CD-ROM, digital versatile disks 
(DVD) or other optical storage, magnetic cassettes, magnetic 
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tape, magnetic disk storage or other magnetic storage devices, 
or any other medium Which may be used to store the desired 
information and Which may be accessed by computing device 
600. Any such computer storage media may be part of com 
puting device 600. 
[0050] Computing device 600 may also include an inter 
face bus 640 for facilitating communication from various 
interface devices (e.g., output devices 642, peripheral inter 
faces 644, and communication devices 666 to basic con?gu 
ration 602 via bus/interface controller 630. Example output 
devices 642 include a graphics processing unit 648 and an 
audio processing unit 650, Which may be con?gured to com 
municate to various external devices such as a display or 
speakers via one or more AN ports 652. Example peripheral 
interfaces 644 include a serial interface controller 654 or a 

parallel interface controller 656, Which may be con?gured to 
communicate With external devices such as input devices 
(e.g., keyboard, mouse, pen, voice input device, touch input 
device, etc.) or other peripheral devices (e. g., printer, scanner, 
etc.) via one or more I/O ports 658. An example communica 
tion device 666 includes a netWork controller 660, Which may 
be arranged to facilitate communications With one or more 
other computing devices 662 over a netWork communication 
link via one or more communication ports 664. 

[0051] The netWork communication link may be one 
example of a communication media. Communication media 
may typically be embodied by computer readable instruc 
tions, data structures, program modules, or other data in a 
modulated data signal, such as a carrier Wave or other trans 

port mechanism, and may include any information delivery 
media. A “modulated data signal” may be a signal that has one 
or more of its characteristics set or changed in such a manner 

as to encode information in the signal. By Way of example, 
and not limitation, communication media may include Wired 
media such as a Wired netWork or direct-Wired connection, 

and Wireless media such as acoustic, radio frequency (RF), 
microWave, infrared (IR) and other Wireless media. The term 
computer readable media as used herein may include both 
storage media and communication media. 

[0052] Computing device 600 may be implemented as a 
portion of a physical server, virtual server, a computing cloud, 
or a hybrid device that include any of the above functions. 
Computing device 600 may also be implemented as a per 
sonal computer including both laptop computer and non 
laptop computer con?gurations. Moreover computing device 
600 may be implemented as a netWorked system or as part of 
a general purpose or specialiZed server. 

[0053] NetWorks for a netWorked system including com 
puting device 800 may comprise any topology of servers, 
clients, sWitches, routers, modems, Internet service provid 
ers, and any appropriate communication media (e. g., Wired or 
Wireless communications). A system according to embodi 
ments may have a static or dynamic netWork topology. The 
netWorks may include a secure netWork such as an enterprise 

netWork (e.g., a LAN, WAN, or WLAN), an unsecure net 
Work such as a Wireless open netWork (e.g., IEEE 802.11 
Wireless netWorks), or a World-Wide netWork such (e.g., the 
Internet). The netWorks may also comprise a plurality of 
distinct netWorks that are adapted to operate together. Such 
netWorks are con?gured to provide communication betWeen 
the nodes described herein. By Way of example, and not 
limitation, these netWorks may include Wireless media such 
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as acoustic, RF, infrared and other Wireless media. Further 
more, the netWorks may be portions of the same netWork or 
separate netWorks. 
[0054] Example embodiments may also include methods. 
These methods can be implemented in any number of Ways, 
including the structures described herein. One such Way is by 
machine operations, of devices of the type described in the 
present disclosure. Another optional Way is for one or more of 
the individual operations of the methods to be performed in 
conjunction With one or more human operators performing 
some of the operations While other operations are performed 
by machines. These human operators need not be collocated 
With each other, but each can be only With a machine that 
performs a portion of the program. In other examples, the 
human interaction can be automated such as by pre-selected 
criteria that are machine automated. 
[0055] FIG. 7 is a How diagram illustrating an example 
method for rough-Wavelet granular space based classi?cation 
of multispectral images that may be performed by a controller 
device 710 in accordance With at least some embodiments 
described herein. The controller device 710 may be, for 
example, computing device 600 in FIG. 6. The operations 
described in blocks 722 through 726 may be stored as com 
puter-executable instructions in a computer-readable 
medium 720 such as the drives 640 of the computing device 
600. 

[0056] A process of rough-Wavelet granular space based 
classi?cation of multispectral images may begin With opera 
tion 722, “GENERATE WAVELET BASED GRANULES.” 
At operation 722, an input pattern vector of a multispectral 
image may be transformed through SI-DWT using shift-in 
variant granules in Wavelet domain. Based on a number of 
implemented decomposition level(s), each of the input fea 
ture spaces may be represented by the corresponding number 
of equal areas frequency planes producing Wavelet granules 
in time-frequency plane. 
[0057] Operation 722 may be folloWed by operation 724, 
“SELECT FEATURES USING NEIGHBORHOOD 
ROUGH SET.” At operation 724, rough set theory and a 
quickreduct algorithm may be employed to select features. 
Because a number of feature sets may be found that satisfy the 
criteria, NRS may be employed in the selection of a subset of 
granulated features that further explore the local/contextual 
information from neighbor granules. 
[0058] At operation 726 “CLASSIFY BASED ON 
SELECTED FEATURES” folloWing operation 724, a classi 
?er may be used to categoriZe the input pattern based on the 
features selected at operation 724. The classi?er may include 
a k-NN classi?er (With k:1, 3, or 5), a maximum likelihood 
(ML) classi?er, a multi-layered perceptron (MLP), or similar 
classi?ers. 
[0059] The operations included in the above described pro 
cess are for illustration purposes. Rough-Wavelet granular 
space based classi?cation of multispectral images may be 
implemented by similar processes With feWer or additional 
operations. In some examples, the operations may be per 
formed in a different order. In some other examples, various 
operations may be eliminated. In still other examples, various 
operations may be divided into additional operations, or com 
bined together into feWer operations. 
[0060] FIG. 8 illustrates a block diagram of an example 
computer program product arranged in accordance With at 
least some embodiments described herein. In some examples, 
as shoWn in FIG. 8, computer program product 800 may 



US 2012/0183225 A1 

include a signal bearing medium 802 that may also include 
machine readable instructions 804 that, When executed by, for 
example, a processor, may provide the functionality 
described above With respect to FIG. 6. Thus, for example, 
referring to the computing device 600, the scheduling module 
626 may undertake one or more of the tasks shoWn in FIG. 8 
in response to instructions 804 conveyed to the processor 604 
by the medium 802 to perform actions associated With differ 
ential frame based scheduling for input queued sWitches as 
described herein. Some of those instructions may be associ 
ated With Wavelet granulation, neighborhood rough set based 
feature selection, and classi?cation based on selected fea 
tures. 

[0061] In some implementations, the signal bearing 
medium 802 depicted in FIG. 8 may encompass a computer 
readable medium 806, such as, but not limited to, a hard disk 
drive, a Compact Disc (CD), a Digital Versatile Disk (DVD), 
a digital tape, memory, etc. In some implementations, signal 
bearing medium 802 may encompass a recordable medium 
808, such as, but not limited to, memory, read/Write (R/W) 
CDs, R/W DVDs, etc. In some implementations, the signal 
bearing medium 802 may encompass a communications 
medium 810, such as, but not limited to, a digital and/or an 
analog communication medium (e.g., a ?ber optic cable, a 
Waveguide, a Wired communications link, a Wireless commu 
nication link, etc.). Thus, for example, program product 800 
may be conveyed to one or more modules of the processor 810 
by an RF signal bearing medium, Where the signal bearing 
medium 802 is conveyed by a Wireless communications 
medium 810 (e.g., a Wireless communications medium con 
forming With the IEEE 802.11 standard). 
[0062] The present disclosure presents a method for per 
forming rough-Wavelet based analysis of spatio-temporal 
patterns. The method includes generating a Wavelet granu 
lated space of features associated With a multispectral image, 
selecting features based on a rough set evaluation, removing 
redundant features, and/ or classifying patterns based on 
selected features. 
[0063] According to some examples, the method may also 
include using spectral band values as features or generating 
the Wavelet granulated space by formulating shift-invariant 
granules in Wavelet domain. Moreover, the method may fur 
ther include formulating the shift-invariant granules through 
a shift-invariant discrete Wavelet transform (SI-DWT) that 
characterizes feature values for Wavelet granulation of an 
input pattern vector of the multispectral image. The SI-DWT 
may be stopped after a second decomposition. 
[0064] According to other examples, the Wavelet granu 
lated space may constitute 4” granules in an n-dimension 
feature space for a one-level DWT decomposition or 7” gran 
ules in an n-dimension feature space for a tWo-level DWT 
decomposition. The method may also include selecting Wave 
let bases and decomposition levels to characterize granules 
for producing Wavelet granulation of a feature space. Bi 
orthogonal Wavelet bases may be employed and the features 
selected based on rough set evaluation comprises employing 
neighborhood rough sets (N RS) in the selection of a subset of 
granulated features that further explore local and/or contex 
tual information from neighbor granules. 
[0065] According to further examples, the subset of granu 
lated features may be evaluated based on a signi?cance of the 
features. A forWard greed search algorithm may be employed 
for the feature selection. Moreover, the patterns may be clas 
si?ed based on the selected features by determining a thresh 
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old for distances used in NRS, beyond Which classi?cation 
performance falls substantially. Furthermore, a k-nearest 
neighbors classi?er, a maximum likelihood classi?er, or a 
multilayered perceptron classi?er may be used to classify the 
patterns based on the selected features. In case of k-nearest 
neighbors classi?er, the k-value may be 1, 3, or 5. Also, the 
multispectral image may be a remote sensing image. 
[0066] The present disclosure also presents an apparatus 
for performing rough-Wavelet based analysis of spatio-tem 
poral patterns. The apparatus may include a memory con?g 
ured to store instructions and data associated With an input 
pattern vector of a multispectral image and a processor 
coupled to the memory, Where the processor is adapted to 
generate a Wavelet granulated space of features associated 
With the multispectral image, select features based on a rough 
set evaluation, remove redundant features, and/or classify 
patterns based on selected features. 
[0067] According to some examples, the rough-Wavelet 
based analysis may be performed to generate a model for land 
cover classi?cation of a multispectral remote sensing image. 
The rough-Wavelet based analysis may also be performed for 
one of texture detection or image indexing. The Wavelet 
granulated space may be generated by formulating shift-in 
variant granules in Wavelet domain. Furthermore, the shift 
invariant granules may be formulated through a shift-invari 
ant discrete Wavelet transform (SI-DWT) that characterizes 
feature values for Wavelet granulation of an input pattern 
vector of a multispectral image. The processor may also stop 
the SI-DWT after a second decomposition. As With the 
method, the Wavelet granulated space may constitute 4” gran 
ules in an n-dimension feature space for a one-level DWT 
decomposition or 7” granules in an n-dimension feature space 
for a tWo-level DWT decomposition. 
[0068] According to other examples, the processor may 
select Wavelet bases and decomposition levels to characterize 
granules for producing Wavelet granulation of a feature space 
and employ bi-orthogonal Wavelet bases. The processor may 
also employ neighborhood rough sets (N RS) in the selection 
of a subset of granulated features that further explore local 
and/or contextual information from neighbor granules. The 
processor may evaluate the subset of granulated features 
based on a signi?cance of the features and use spectral band 
values as features. 

[0069] According to further examples, the processor may 
employ a forWard greed search algorithm for the feature 
selection and determine a threshold for distances used in 
NRS, beyond Which classi?cation performance falls substan 
tially. The processor may employ a k-nearest neighbors clas 
si?er, a maximum likelihood classi?er, or a multilayered per 
ceptron classi?er to classify the patterns based on the selected 
features, Where k may a value of l, 3, or 5, in case of k-nearest 
neighbors classi?er. 
[0070] The present disclosure further provides a computer 
readable storage medium With instructions stored thereon for 
performing rough-Wavelet based analysis of spatio-temporal 
patterns. The instructions may include generating a Wavelet 
granulated space of features associated With a multispectral 
image, selecting features based on a rough set evaluation, 
removing redundant features, and/ or classifying patterns 
based on selected features, Where spectral band values may be 
used as features. 

[0071] There is little distinction left betWeen hardWare and 
softWare implementations of aspects of systems; the use of 
hardWare or softWare is generally (but not alWays, in that in 
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certain contexts the choice between hardware and software 
may become signi?cant) a design choice representing cost vs. 
ef?ciency tradeoffs. There are various vehicles by which pro 
cesses and/or systems and/or other technologies described 
herein may be effected (e.g., hardware, software, and/ or ?rm 
ware), and that the preferred vehicle will vary with the context 
in which the processes and/ or systems and/ or other technolo 
gies are deployed. For example, if an implementer determines 
that speed and accuracy are paramount, the implementer may 
opt for a mainly hardware and/or ?rmware vehicle; if ?ex 
ibility is paramount, the implementer may opt for a mainly 
software implementation; or, yet again alternatively, the 
implementer may opt for some combination of hardware, 
software, and/ or ?rmware. 

[0072] The foregoing detailed description has set forth vari 
ous embodiments of the devices and/ or processes via the use 
of block diagrams, ?owcharts, and/or examples. Insofar as 
such block diagrams, ?owcharts, and/or examples contain 
one or more functions and/ or operations, it will be understood 
by those within the art that each function and/or operation 
within such block diagrams, ?owcharts, or examples may be 
implemented, individually and/or collectively, by a wide 
range of hardware, software, ?rmware, or virtually any com 
bination thereof In one embodiment, several portions of the 
subject matter described herein may be implemented via 
Application Speci?c Integrated Circuits (ASICs), Field Pro 
grammable Gate Arrays (FPGAs), digital signal processors 
(DSPs), or other integrated formats. However, those skilled in 
the art will recogniZe that some aspects of the embodiments 
disclosed herein, in whole or in part, may be equivalently 
implemented in integrated circuits, as one or more computer 
programs running on one or more computers (e. g., as one or 
more programs running on one or more computer systems), as 
one or more programs running on one or more processors 

(e. g., as one or more programs running on one or more micro 

processors), as ?rmware, or as virtually any combination 
thereof, and that designing the circuitry and/or writing the 
code for the software and or ?rmware would be well within 
the skill of one of skill in the art in light of this disclosure. 

[0073] The present disclosure is not to be limited in terms of 
the particular embodiments described in this application, 
which are intended as illustrations of various aspects. Many 
modi?cations and variations can be made without departing 
from its spirit and scope, as will be apparent to those skilled in 
the art. Functionally equivalent methods and apparatuses 
within the scope of the disclosure, in addition to those enu 
merated herein, will be apparent to those skilled in the art 
from the foregoing descriptions. Such modi?cations and 
variations are intended to fall within the scope of the 
appended claims. The present disclosure is to be limited only 
by the terms of the appended claims, along with the full scope 
of equivalents to which such claims are entitled. It is to be 
understood that this disclosure is not limited to particular 
methods, materials, and con?gurations, which can, of course, 
vary. It is also to be understood that the terminology used 
herein is for the purpose of describing particular embodi 
ments only, and is not intended to be limiting. 

[0074] In addition, those skilled in the art will appreciate 
that the mechanisms of the subject matter described herein 
are capable of being distributed as a program product in a 
variety of forms, and that an illustrative embodiment of the 
subject matter described herein applies regardless of the par 
ticular type of signal bearing medium used to actually carry 
out the distribution. Examples of a signal bearing medium 
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include, but are not limited to, the following: a recordable 
type medium such as a ?oppy disk, a hard disk drive, a 
Compact Disc (CD), a Digital Versatile Disk (DVD), a digital 
tape, a computer memory, etc.; and a transmission type 
medium such as a digital and/or an analog communication 
medium (e. g., a ?ber optic cable, a waveguide, a wired com 
munications link, a wireless communication link, etc.). 
[0075] Those skilled in the art will recogniZe that it is 
common within the art to describe devices and/ or processes in 
the fashion set forth herein, and thereafter use engineering 
practices to integrate such described devices and/or processes 
into data processing systems. That is, at least a portion of the 
devices and/ or processes described herein may be integrated 
into a data processing system via a reasonable amount of 
experimentation. Those having skill in the art will recogniZe 
that a typical data processing system generally includes one 
or more of a system unit housing, a video display device, a 
memory such as volatile and non-volatile memory, proces 
sors such as microprocessors and digital signal processors, 
computational entities such as operating systems, drivers, 
graphical user interfaces, and applications programs, one or 
more interaction devices, such as a touch pad or screen, 
and/or control systems including feedback loops and control 
modules (e.g., adjusting feature selection parameters). 
[0076] A typical data processing system may be imple 
mented utiliZing any suitable commercially available compo 
nents, such as those typically found in data computing/com 
munication and/or network computing/communication 
systems. The herein described subject matter sometimes 
illustrates different components contained within, or con 
nected with, different other components. It is to be understood 
that such depicted architectures are merely exemplary, and 
that in fact many other architectures may be implemented 
which achieve the same functionality. In a conceptual sense, 
any arrangement of components to achieve the same func 
tionality is effectively “associated” such that the desired func 
tionality is achieved. Hence, any two components herein 
combined to achieve a particular functionality may be seen as 
“associated with” each other such that the desired function 
ality is achieved, irrespective of architectures or intermediate 
components. Likewise, any two components so associated 
may also be viewed as being “operably connected”, or “oper 
ably coupled”, to each other to achieve the desired function 
ality, and any two components capable of being so associated 
may also be viewed as being “operably couplable”, to each 
other to achieve the desired functionality. Speci?c examples 
of operably couplable include but are not limited to physically 
connectable and/ or physically interacting components and/or 
wirelessly interactable and/ or wirelessly interacting compo 
nents and/or logically interacting and/or logically inter 
actable components. 
[0077] With respect to the use of substantially any plural 
and/or singular terms herein, those having skill in the art can 
translate from the plural to the singular and/or from the sin 
gular to the plural as is appropriate to the context and/or 
application. The various singular/plural permutations may be 
expressly set forth herein for sake of clarity. 
[0078] It will be understood by those within the art that, in 
general, terms used herein, and especially in the appended 
claims (e.g., bodies of the appended claims) are generally 
intended as “open” terms (e.g., the term “including” should 
be interpreted as “including but not limited to,” the term 
“having” should be interpreted as “having at least,” the term 
“includes” should be interpreted as “includes but is not lim 
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ited to,” etc .). It Will be further understood by those Within the 
art that if a speci?c number of an introduced claim recitation 
is intended, such an intent Will be explicitly recited in the 
claim, and in the absence of such recitation no such intent is 
present. For example, as an aid to understanding, the folloW 
ing appended claims may contain usage of the introductory 
phrases “at least one” and “one or more” to introduce claim 
recitations. However, the use of such phrases should not be 
construed to imply that the introduction of a claim recitation 
by the inde?nite articles “a” or “an” limits any particular 
claim containing such introduced claim recitation to embodi 
ments containing only one such recitation, even When the 
same claim includes the introductory phrases “one or more” 

“ a, or “at least one” and inde?nite articles such as a or “an” 
(e. g., “a” and/or “an” should be interpreted to mean “at least 
one” or “one or more”); the same holds true for the use of 
de?nite articles used to introduce claim recitations. In addi 
tion, even if a speci?c number of an introduced claim recita 
tion is explicitly recited, those skilled in the art Will recogniZe 
that such recitation should be interpreted to mean at least the 
recited number (e. g., the bare recitation of “tWo recitations,” 
Without other modi?ers, means at least tWo recitations, or tWo 
or more recitations). 

[0079] Furthermore, in those instances Where a convention 
analogous to “at least one of A, B, and C, etc.” is used, in 
general such a construction is intended in the sense one hav 
ing skill in the art Would understand the convention (e.g., “ a 
system having at least one of A, B, and C” Would include but 
not be limited to systems that have A alone, B alone, C alone, 
A and B together, A and C together, B and C together, and/ or 
A, B, and C together, etc.). In those instances Where a con 
vention analogous to “at least one of A, B, or C, etc.” is used, 
in general such a construction is intended in the sense one 
having skill in the art Would understand the convention (e.g., 
“a system having at least one of A, B, or C” Would include but 
not be limited to systems that have A alone, B alone, C alone, 
A and B together, A and C together, B and C together, and/ or 
A, B, and C together, etc.). It Will be further understood by 
those Within the art that virtually any disjunctive Word and/or 
phrase presenting tWo or more alternative terms, Whether in 
the description, claims, or draWings, should be understood to 
contemplate the possibilities of including one of the terms, 
either of the terms, or both terms. For example, the phrase “A 
or B” Will be understood to include the possibilities of “A” or 
“B” or “A and B.” 

[0080] In addition, Where features or aspects of the disclo 
sure are described in terms of Markush groups, those skilled 
in the art Will recogniZe that the disclosure is also thereby 
described in terms of any individual member or subgroup of 
members of the Markush group. 

[0081] As Will be understood by one skilled in the art, for 
any and all purposes, such as in terms of providing a Written 
description, all ranges disclosed herein also encompass any 
and all possible subranges and combinations of subranges 
thereof Any listed range can be easily recognized as su?i 
ciently describing and enabling the same range being broken 
doWn into at least equal halves, thirds, quarters, ?fths, tenths, 
etc. As a non-limiting example, each range discussed herein 
can be readily broken doWn into a loWer third, middle third 
and upper third, etc. As Will also be understood by one skilled 
in the art all language such as “up to,” “at least, greater 
than,” “less than,” and the like include the number recited and 
refer to ranges Which can be subsequently broken doWn into 
subranges as discussed above. Finally, as Will be understood 
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by one skilled in the art, a range includes each individual 
member. Thus, for example, a group having 1-3 cells refers to 
groups having 1, 2, or 3 cells. Similarly, a group having 1-5 
cells refers to groups having 1, 2, 3, 4, or 5 cells, and so forth. 
[0082] While various aspects and embodiments have been 
disclosed herein, other aspects and embodiments Will be 
apparent to those skilled in the art. The various aspects and 
embodiments disclosed herein are for purposes of illustration 
and are not intended to be limiting, With the true scope and 
spirit being indicated by the folloWing claims. 

What is claimed is: 
1. A method for performing rough-Wavelet based analysis 

of spatio-temporal patterns, the method comprising: 
generating a Wavelet granulated space of features associ 

ated With a multispectral image; 
selecting features based on a rough set evaluation; 
removing redundant features; and 
classifying patterns based on the selected features. 
2. The method according to claim 1, further comprising 

using spectral band values as features. 
3. The method according to claim 1, further comprising 

generating the Wavelet granulated space by formulating shift 
invariant granules in Wavelet domain. 

4. The method according to claim 3, further comprising 
formulating the shift-invariant granules through a shift-in 
variant discrete Wavelet transform (SI-DWT) that character 
iZes feature values for Wavelet granulation of an input pattern 
vector of the multispectral image. 

5. The method according to claim 4, further comprising 
stopping the SI-DWT after a second decomposition. 

6. The method according to claim 1, Wherein the Wavelet 
granulated space constitutes 4” granules in an n-dimension 
feature space for a one-level DWT decomposition. 

7. The method according to claim 1, Wherein the Wavelet 
granulated space constitutes 7” granules in an n-dimension 
feature space for a tWo-level DWT decomposition. 

8. The method according to claim 1, further comprising 
selecting Wavelet bases and decomposition levels to charac 
teriZe granules for producing Wavelet granulation of a feature 
space. 

9. The method according to claim 8, further comprising 
employing bi-orthogonal Wavelet bases. 

10. The method according to claim 1, Wherein selecting 
features based on rough set evaluation comprises employing 
neighborhood rough sets (N RS) in the selection of a subset of 
granulated features that further explore at least one of local 
and/or contextual information from neighbor granules. 

11. The method according to claim 10, further comprising 
evaluating the subset of granulated features based on a sig 
ni?cance of the features. 

12. The method according to claim 10, further comprising 
employing a forWard greed search algorithm for the feature 
selection. 

13. The method according to claim 10, Wherein classifying 
the patterns based on the selected features comprises deter 
mining a threshold for distances used in NRS, beyond Which 
classi?cation performance falls substantially. 

14. The method according to claim 13, further comprising 
employing one of a k-nearest neighbors classi?er, a maxi 
mum likelihood classi?er, or a multilayered perceptron clas 
si?er to classify the patterns based on the selected features. 

15. The method according to claim 14, Wherein the k-near 
est neighbors classi?er uses one of k:1, k:3, or k:5. 
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16. The method according to claim 1, wherein the multi 
spectral image is a remote sensing image. 

17. An apparatus for performing rough-Wavelet based 
analysis of spatio-temporal patterns, comprising: 

a memory con?gured to store instructions and data associ 
ated With an input pattern vector of a multispectral 
image; 

a processor coupled to the memory, Wherein the processor 
is adapted to execute the instructions, Which When 
executed con?gure the processor to: 
generate a Wavelet granulated space of features associ 

ated With the multispectral image; 
select features based on a rough set evaluation; 
remove redundant features; and 
classify patterns based on the selected features. 

18. The apparatus according to claim 17, Wherein the 
rough-Wavelet based analysis is performed to generate a 
model for land cover classi?cation of a multispectral remote 
sensing image. 

19. The apparatus according to claim 17, Wherein the 
rough-Wavelet based analysis is performed for one of texture 
detection or image indexing. 

20. The apparatus according to claim 17, Wherein the Wave 
let granulated space is generated by formulating shift-invari 
ant granules in Wavelet domain. 

21. The apparatus according to claim 20, Wherein the shift 
invariant granules are formulated through a shift-invariant 
discrete Wavelet transform (SI-DWT) that characterizes fea 
ture values for Wavelet granulation of an input pattern vector 
of a multispectral image. 

22. The apparatus according to claim 21, Wherein the pro 
cessor is further con?gured to stop the Sl-DWT after a second 
decomposition. 

23. The apparatus according to claim 17, Wherein the Wave 
let granulated space constitutes 4” granules in an n-dimension 
feature space for a one-level DWT decomposition. 

24. The apparatus according to claim 17, Wherein the Wave 
let granulated space constitutes 7” granules in an n-dimension 
feature space for a tWo-level DWT decomposition. 

25. The apparatus according to claim 17, Wherein the pro 
cessor is further con?gured to select Wavelet bases and 
decomposition levels to characteriZe granules for producing 
Wavelet granulation of a feature space. 

26. The apparatus according to claim 25, Wherein the pro 
cessor is further con?gured to employ bi-orthogonal Wavelet 
bases. 

27. The apparatus according to claim 17, Wherein the pro 
cessor is further con?gured to employ neighborhood rough 
sets (N RS) in the selection of a subset of granulated features 
that further explore at least one of local and/or contextual 
information from neighbor granules. 

28. The apparatus according to claim 27, Wherein the pro 
cessor is further con?gured to evaluate the subset of granu 
lated features based on a signi?cance of the features. 

29. The apparatus according to claim 27, Wherein the pro 
cessor is further con?gured to use spectral band values as 
features. 

30. The apparatus according to claim 27, Wherein the pro 
cessor is further con?gured to employ a forWard greed search 
algorithm for the feature selection. 

31. The apparatus according to claim 27, Wherein the pro 
cessor is further con?gured to determine a threshold for dis 
tances used in NRS, beyond Which classi?cation performance 
falls substantially. 
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32. The apparatus according to claim 31, Wherein the pro 
cessor is further con?gured to employ one of a k-nearest 
neighbors classi?er, a maximum likelihood classi?er, or a 
multilayered perceptron classi?er to classify the patterns 
based on the selected features. 

33. The apparatus according to claim 32, Wherein the 
k-nearest neighbors classi?er uses one of kIl, k:3, or kIS. 

34. A computer-readable storage medium having instruc 
tions stored thereon for performing rough-Wavelet based 
analysis of spatio-temporal patterns, the instructions com 
prising: 

generating a Wavelet granulated space of features associ 
ated With a multispectral image; 

selecting features based on a rough set evaluation; 
removing redundant features; and 
classifying the patterns based on the selected features. 
35. The computer-readable storage medium according to 

claim 34, Wherein the Wavelet granulated space is generated 
by formulating shift-invariant granules in Wavelet domain. 

36. The computer-readable storage medium according to 
claim 35, Wherein the shift-invariant granules are formulated 
through a shift-invariant discrete Wavelet transform (Sl 
DWT) that characterizes feature values for Wavelet granula 
tion of an input pattern vector of the multispectral image. 

37. The computer-readable storage medium according to 
claim 36, Wherein the instructions further comprise: 

stopping the Sl-DWT after a second decomposition. 
38. The computer-readable storage medium according to 

claim 34, Wherein the multi spectral image is a remote sensing 
image. 

39. The computer-readable storage medium according to 
claim 34, Wherein the Wavelet granulated space constitutes 4” 
granules in an n-dimension feature space for a one-level DWT 
decomposition. 

40. The computer-readable storage medium according to 
claim 34, Wherein the Wavelet granulated space constitutes 7” 
granules in an n-dimension feature space for a tWo-level 
DWT decomposition. 

41. The computer-readable storage medium according to 
claim 34, Wherein the instructions further comprise: 

selecting Wavelet bases and decomposition levels to char 
acteriZe granules for producing Wavelet granulation of a 
feature space. 

42. The computer-readable storage medium according to 
claim 41, Wherein the instructions further comprise: 

employing bi-orthogonal Wavelet bases. 
43. The computer-readable storage medium according to 

claim 34, Wherein selecting features based on rough set evalu 
ation comprises employing neighborhood rough sets (NRS) 
in the selection of a subset of granulated features that further 
explore at least one of local and/or contextual information 
from neighbor granules. 

44. The computer-readable storage medium according to 
claim 43, Wherein the instructions further comprise: 

evaluating the subset of granulated features based on a 
signi?cance of the features. 

45. The computer-readable storage medium according to 
claim 43, Wherein the instructions further comprise: 

using spectral band values as features. 
46. The computer-readable storage medium according to 

claim 43, Wherein the instructions further comprise: 
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employing a forward greed search algorithm for the feature 
selection. 

47. The computer-readable storage medium according to 
claim 43, Wherein classifying the patterns based on the 
selected features comprises determining a threshold for dis 
tances used in NRS, beyond Which classi?cation performance 
falls substantially. 

48. The computer-readable storage medium according to 
claim 47, Wherein the instructions further comprise: 
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employing one of a k-nearest neighbors classi?er, a maxi 
mum likelihood classi?er, or a multilayered perceptron 
classi?er to classify the patterns based on the selected 
features. 

49. The computer-readable storage medium according to 
claim 48, Wherein the k-nearest neighbors classi?er uses one 
ofk:l, k:3, or kIS. 


