182 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 36, NO. 1, JANUARY 1998

A Fast Two-Stage Classification Method for
High-Dimensional Remote Sensing Data
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Abstract—Classification for high-dimensional remotely sensed applications, strongly correlated bands can be eliminated, and

data generally requires a large set of data samples and enormous only those bands bearing significantly different information
processing time, particularly for hyperspectral image data. In are required for data processing.

this paper, we present a fast two-stage classification method e o
composed of a band selection (BS) algorithm with feature extrac- Classification is one of the most often used quantitative data

tion/selection (FSE) followed by a recursive maximum likelihood analysis techniques to describe ground cover types or material
classifier (MLC). The first stage is to develop a BS algorithm classes. A variety of classification methods is available in
coupled with FSE for data dimensionality reduction. The second the literature [6]. Of most interest is the maximum likelihood

stage is to design a fast recursive MLC (RMLC) so as to achieve ) y q|assification. One disadvantage of ML classification is
computational efficiency. The experimental results show that

the proposed recursive MLC, in conjunction with BS and FSE, ©€XCessive computing time, required for processing data with
reduces computing time significantly by a factor ranging from 30 high dimensionality. So, developing an efficient algorithm
to 145, as compared to the conventional MLC. to perform the ML classification seems beneficial in the
Index Terms—Band selection (BS), canonical analysis (CA), remote sensing community. Recently, Let@l.[7] proposed a
principal components analysis (PCA), recursive ML classifier multistage classification method, which decomposed the clas-
(MLC), Winograd's identity. sification task into several stages. In each stage, the likelihood
values of classes were calculated on the basis of a partial set
of features. Then, those classes with likelihood values less
than a predetermined threshold would be truncated and not be
ONE OF THE challenging problems in processing highyrocessed in the subsequent stages. As reported, the multistage
dimensional data is the computational complexity resuliikelihood classification reduced the processing time by a
ing from processing the vast amount of data volume. Thigctor of three to seven. By taking another approach,edia
is particularly true for remotely sensed image data, such &8 [g] developed a block-form ML classification to reduce
hyperspectral images collected by as many as 224 specif@ processing time. The idea is to break up a correlation
bands from the airborne visible/infrared imaging spectronyatrix into a group of subblock matrices so that only diagonal
eter (AVIRIS) [1]. In order to mitigate this problem, datagypplock matrices can be used for ML classification. As a
dimensionality r.eduction is generally required. One of V\.Iid(f,'|bésu|t’ high-dimensional data can be reduced to a group of
used methods is the Karhunen—Loeve transform or prinCiRghaller data sets with low dimensionality, each of which is
components analysis (PCA) [2], [3], which reorganizes data {Bpresented by a subblock matrix. In [9], Settle and Briggs
such a manner that the principal axis is one, and the dgak advantage of an eight-pipeline processor and a Model 75
has the maximum variance. An alternative approach is {#9age processor, to speed computing time up to 100 times that
judiciously select a subset of dominant bands at the expens&gfich is required for the conventional ML classification.
some information loss. In this case, the selection of appropriatgy, this paper, we present a fast two-stage classification

bands to preserve desired information is crucial. This is one gkhod depicted in Fig. 1. It is carried out by a BS algorithm
the main issues in the remote sensing community [4], [S]- Thith feature extraction and selection (FSE), then followed by
need for band selection (BS) arises from the fact that adjacghtecyrsive MLC (RMLC). The BS algorithm proposed here
bands are highly correlated and not all of them are equally hased on so-called canonical analysis (CA) [10]-[12] and
important and useful. Consequently, finding such a set @f yifferent from those in [13]. Despite the fact that PCA has
bands to reduce the data volume, while preserving all wantgdep, in favor in many remote sensing applications, PCA is
information is highly desirable. As a matter of fact, in reatl)my optimal in the sense of minimum mean-squared error

and not necessarily optimal for class separability [3], [6]. As
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This paper is organized as follows. Section Il describes a
CA-based approach to BS by using the concept of loading
factors followed by FSE. Section Il presents a fast recursive
MLC based on a Winograd’s algorithm. Section IV conducts

High-Dimensional
Remote Sensing Data

|

high-dim. various experiments to evaluate the performance of the pro-
Prioritization posed method in terms of classification accuracy, processing
Bascd on Eq. (9) time, and computational efficiency. Section V draws a brief
$ conclusion.

Band Selection
by Eq.(10)

II. BAND SELECTION ALGORITHM
AND FEATURE EXTRACTION/SELECTION

moderate-dim. The objective of BS is to properly selest bands from a

; . large set of bands in such a fashion that the data provided by
Feature Extraction .. .
and Selection E the selected bands can sufficiently represent all the bands in
some optimal sense. Several approaches have been proposed

+ low-dim. in the past for this purpose. For example, distance measure,
' such as Bhattacharyya distance, Mahalanobis distance, and
Jeffreys—Matusita distance [13], [19], information measure,
such as divergence and mutual information [13], [20], and
eigenanalysis, such as PCA and CA [2], [3], [12], [14].
The first two approaches generally require computing mea-
sure criteria between all possible classes. Consequently, it
is computationally prohibitive, since the number of subsets
be defined [15], through which a discriminant power (DP) igonsidered for possible classes grows exponentially with the
calculated for each spectral band and used as the classifiigmber of bands. On the other hand, the eigenapproach makes
tion capability of that band. A higher DP indicates a bettgfse of the eigenvalues and eigenvectors generated by the data
discrimination. By virtue of DP all bands can be prioritize@orrelation matrix to rotate the original data coordinates along
in accordance with their DP’s. Since the BS does not do amye direction of maximum variance. Since CA is optimal in
spectral compression, CA is applied again to the selected basgims of class separability, we adopt it for the development
data to extract features and select desired features for nekiour algorithm.
stage classification. In order to further reduce computational
complexity of the conventional ML classification, a RMLC,p ca

based Wi d’s algorithm [16]-[18], is devised in th .
ased on a Winograd's algorithm [16]-{18], is devised in the Suppose tha{w;, ws, -+, w.} are the classes of interest

second stage to achieve computational efficiency. : . . ;
Comparing the MLC’s developed in [7] and [8], the pro_and x;j IS th_eJth .sample in class. Let N; be the number
. of samples in theth class andV = N; + Ny + .-+ + N,.
posed two-stage MLC has two distinct features that make_IJ — N, S
: L L e mean of total sampleS = {z;,;};2,"._, is given by
appealing and attractive in applications. These are BS an . N Jhe=l,5=
recursive algorithmic structure. While the former allows u8 = (1/N) i Zj=1 Tij a”‘?'mi = (1/Ni) Eazijﬁwi Tij
to reduce high-dimensional data to low-dimensional dats, the mean of samples in théh class. One of important
the latter enables us to implement the MLC recursively Jyfiteria used in classification is to define an appropriate rule
computers in an efficient way. In addition, the proposed ML{ffl’r measurml? the distance bet}/veen two San:jplels w_|ft_h|n_ a
is compatible with the multistage ML [7] and the block-£'ass as Weh as tl)n sekz)ﬁJarate 9?‘5?65'6&‘ g?o caSbS| ication
form ML [8], which can be easily included in our algorithmcr'ter'lon oug tto | €a edto_ m|E|m|ze t € |stance_ e_tweehn
to further improve computing saving. Moreover, unlike [9],S§Tp es tl)n tone class elm » N the rr:ear: time, gn:x_lmtl)ze.t ?I
which utilized a pipeline (parallel) computer architecture, th stance between samples In separate classes. 'S basically

designed RMLC does not rely on any parallel structure. eveloped to reflect this philosophy. Let tio¢al scatter matrix

can be implemented on traditional von Neumann compute dsgf’ir\llél(tzlhgs-c;gﬁswrgagz‘]sw andbetween-class matri§; be
By coupling the BS algorithm with the FSE, the RMLC can '

Recursive ML
Classification

Fig. 1. Block diagram of the proposed fast two-stage MLC.

cut down the computing time by a factor ranging from 30 to 1 &K T

145, as compared to the conventional MLC. Although we do St =5 Z Z (@i —m)(@i; —m) @)
not have a Model 75 image processor for comparison, the . ==t

advantage. of our two-stage ML classmcafuon method over Sw = Z Z 1 i; — mi) (i, — )" )
the work in [9] is that our MLC can be implemented on D1 acw N

conventional sequential machines rather than parallel proces- c N

sors, while still achieving substantial saving in computation. Sp = Z “(m; —m)(m; —m)T 3
Experiments demonstrate the merit of this proposed fast two- i=1 N

stage ML classification method. St =Sw +Sgp (4)
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where Sy in (2) represents the mean of within-class samplmponent for CA to correspond to the principal component

distance andSz in (3) is the mean of between-class samplased for PCA.) ApparentlyEL=1 r% = A;. For each band

distance. Equation (4) is simply the sum of (2) and (3). %k € {1,2,.--,1}, we can further define the discriminant
In order to simultaneously minimiz&y; and maximizeSz, power associated with theth band by

we consider maximizing the criterion function known as the o1

gengrahzed Fisher linear discriminant function or Rayleigh pr = Z 712k (9)

guotient given by )

WiSsw which is the sum of;;, overc-1 canonical components. From
JW) = tTm' () (9), a larger value of;, implies more significance of thith
_ o _w ~ band. Without loss of generality, we assume that}!_, is
In general, solving the maximization of (5) over matiX is arranged in decreasing order, i.p;, > ps > --- > p. As a
not easy. However, if |l™ be the optimal solution and be resyt, the original bands can be prioritized in accordance with
its :th column vector, it is easy to show thaf is a generalized theijr discriminant powers so that the first band has the largest
eigenvector, which corresponds to tita largest eigenvalue gjscriminant power, then the second band, the third band, etc.,
Ai in the following generalized eigenvalue problem: until the last band, which has the least discriminant power.
(6) Assume that all bands are prioritized according to (9)=and
is the number of bands selected from band 1 up to baridr
or equivalently classification. In order to measure the-band performance,
1 . . we use (9) to define a discriminant power probability (DPP)
Sy Spw; = w; @) = associated with then-BS as

m

SBHJ;( = )\ZSVLHJ:

provided thatSy, is nonsingular.

It is known that in ac-class classification problem, the rank Pk
of Sp is no greater tharr — 1. Accordingly, there are at DPR,, = ’“71 . (10)
most ¢ — 1 nonzero eigenvalues. The larger the eigenvalue,
the better the discrimination. In this case, the eigenvectors ;p’“

associated with each nonzero eigenvalue can be used as

discriminant vectors with the discriminant power determineld is obvious thatzﬁt=1 pE = E;:ll A\; is the total sum of
by the magnitude of the corresponding eigenvalues. By makiafy eigenvalues, which implies that if all bands are used for
use of these: — 1 eigenvectors, we can actually separate classification, the DPP must be one, i.e., PRPL. Also, the

classes. DPP DPR, is the monotonically increasing function of,
the number of bands to be used for classification. So,,pDPP
B. BS does provide a good criterion to measure the classification

BS is one of the important tasks in processing mu|tispeg§rformance produced by bands. For example, if DRP=

tral/hyperspectral image data. There are at least two reasonsofgr It md(:catesf that using the first bar;]ds for class[flcatlon
doing s0. One is that since not all bands carry the same amoYiftds 90% performance compared to that using ertirands.

of information, the bands need to be prioritized according tgherefore, the DR is a logical and appropriate choice for

the significance of their information so data dimensionali@uf BS criterion.
reduction can be achieved by removing bands with least
priorities. A second reason is that bands adjacent to each otfer SE
generally portray very high correlation, so a set of selective One of goals of the CA approach, used for developing the
bands should be able to well represent other bands without I&S algorithm in the previous section, was to select desired
of much information. It is indeed in many applications that bands based on spectral correlation, but no spectral compres-
small number of spectral bands may be sufficiently enoughd@mn was done during BS. In this subsection, CA is applied
represent the entire band data. again to exploit the spectral correlation of the selected data
As mentioned previously, the magnitude of an eigenvalder FSE so that a further data dimensionality reduction can be
found by (6) provides an indication of importance of it@accomplished. Because the CA-generated eigenvectors could
corresponding eigenvector. Lé)}\i}jgll be the nonzero eigen- be used as discriminant vectors for classification as described
values obtained by (5) and (6) to discriminatelasses and in the BS algorithm, they can be also used as feature vectors
wi = (w}, wh, -+, wh)? is an eigenvector correspondingfor data dimensionality reduction. This is a common technique
to the eigenvalue\;, wherel is the number of bands. From thewidely used in pattern classification literature [3], [5], [6], [10],
factor analysis [15], we can define a loading factor mdirby [14], [21]. In this case, the unwanted spectral redundant feature
vectors can be removed by appropriately selecting a number
I'= [”k]iek{l:l?:é":c—ll} (8)  of desired features for next stage ML classification. Such CA-
.21 based feature selection will mitigate the Hughes phenomenon
wherery, = vAi(wir/|lw;||) is called the loading factor of [22], an effect resulting from a small size of training samples.
canonical component in the kth band and| - || is the L?- Although CA was used in our BS and FSE, it is not the
norm operator. (Note that we use the terminology of canoniaatly transformation that can be used for this purpose. A
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decision boundary-based method suggested in [21] can Bguating (16) and (17) yields

another choice. However, there are advantages of using CA,

such as its simplicity and popularity. More importantly, it can L,_.p, =-b,

be easily implemented as a routine in most software programs, plp, + 12, =0nn. (18)
which allows the proposed BS algorithm with FSE to be

incorporated into or used in conjunction with most of remote Substituting (17) into (15) and letting, = x; — my, the

sensing software packages. quadratic term;(x) in (15) can be reexpressed as
l
Ill. FAST RECURSIVE CLASSIFICATION ALGORITHM -
Qi(x) =2"L;7 " Liz =yTy = Z vi (19)
k=1

A. MLC

As assumed before, leby, wo, - -,
classes. We also assume that the conditional-class probabffity”
distribution p;(z) for each: € {1, 2, ---, ¢} are Gaussian k
distributed. Then the MLC is given by 2 = Z Vinin (20)

n=1

w. denote c-distinct Wherey can be calculated by a forward substitution using
S Ly of the form

T € w; if p;(x) = ,_nax () (11)

o o Since computing (19) requires calculationgf from (20)
where p;(z) is given by for eachk, this results in total multiplications for one class,
1 _ which can be calculated by _, (k + 1) = (1/2)I(1 + 3).
pz(il") — (27r)1/2|2‘|1/2 exp [—%(.’L’ _ mi)TEi 1(:6 _ mz)] Ek-l ( ) ( / ) ( )
(12) C. AnImproved RMLC Using a Winograd’s Algorithm

with m; and¥; denoted by the mean vector and covariance In order to further reduce the computation of the quadratic
matrix of theith class, respectivelyZ;* and ;| are the term (19) in the discriminant function, we use a Winograd’s

inverse and determinant @&;, respectively. algorithm [16]-[18] in the recursive MLC developed in the
Taking the logarithm of both sides of (12) and using thi&st section. S
MLC given by (11) yields the following decision rule: By making use of the following identity:
TEw if di(x) = Jomax di() (13) z1y1 + T2y2 = (21 + y2)(T2 +y1) — 2172 — Y1y2
where a Winograd's identity for the multiplication of twaV-
dimensional vectorsA and B can be obtained by the
di(w) = log [%i] + Qi(z) (14) following: ’
Qi(x) =(x —m)TE (x —m,y). (15)
2M M

It is obvious from (13)—(15) that the most intensive com- AT p — Z apby = Z (a2u—1 + b2u)(a2u + b2u_1)
putation for d;(x) is the quadratic term@;(x). A direct =1

calculation of@; (x) requires/(I+1) multiplications and about M M

the same order of additions. So, classifying a pixel vector - Z(GQU_:LGQU) - Z(bQU_leU) (21)
z into one of ¢ classes needs an order of [ - (I 4+ 1) u=1

multiplications.

u=1

u=1

where N = 2M (i.e., N is an even number). IV is odd, we
simply add an extra zero to both vectadsand B of (21) to
. . . make N even so that (21) is still applicable.

According to (14) and (15), the quadratic tem(z) in  The advantage of using (21) is that the number of mul-
the MLC accounts for most computations, which are Mgpjications is reduced to half of that required by the direct
trix-vector multiplications [23]-{25]. In the following, we computation, since the second and third terms can be pre-
develop a recursive version of the MLC to reduce the Congomputed and stored in the beginning of the computation.

B. Recursive Implementation of MLC

plexity required for calculating (15). _ Furthermore, sincey in (19) is computed by a forward
First of all, we expres&,, in terms ofX,,_y, i.e., substitution, according te = Ly, the computation of (19)
Y1 by can be speeded up with the help of the Winograd's identity,
Yn = [ b? O_nn} (16) given in (21). The procedure can be derived as follows.

From (20), a close-form solution to the equatien= Ly
Let Ln_lLf_1 be the Cholesky decomposition of the cois given by
variance matrix:,,_; whereL,,_, is a lower triangular matrix.
Using the Cholesky decomposition, we can reexpbessas

n—1
L 0 LT Zn — Z Vnnyn
¥, =L,LY = { ot } { n=l  Pn } (17) Un = r=1 ,

Vnn

(22)

T
Pr Vnn 0 Vnn
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TABLE | time than an addition, particularly in hardware implementation.
COMPUTATION OF Q(x) AT THE CLASSIFICATION The speed-up rate can be calculated by
STAGE USING THE PROPOSEDRMLC
Calculating Q(x) [Multiplication number |Multiplication number speed-up rate- l(l + 1) — 4(l + 1)
for the n th iteration for a class (1/4)([2 =+ 10[) {+10
nis odd 23): 1
(From (23),24) [(24): (n—1)/2+1 [ ) i
and (19)) (19 1 Z(n 1+3) D. A Sequential Partial Sum Approach
total : (n—1)/2+3 n=l From the Cholesky decomposition of the covariance matrix
nis even 25):0 3 given by (17), the determinant &f is easily calculated by
(From (25),(26) [(26): (n/2)+1 -
and (19)) (19} 1 2(5*2) .
total © (n/2) +2 n=1 Y = |LHET| = V2. (27)
Average (n/2)+(9/4) (1/4)(12 +100) | | | || | kI;II kk

Taking the logarithm of both sides of (27), we obtain
Then,y, can be computed by the following alternate calcula-

l l
tions of (22), according to whether is even or odd. n | = In H - Z 2 In |V (28)
1) If » is an odd number, i.en = 2m + 1, let k=1 H k=1

p(n) = Z Vn. 2wV 2u1 Substituting (19) and (28) into (14) results in
u=1
and di(z) = log |%i| + Qi(x)
l l
= -1 —1Yn— 23
Q(n) (.Z(n ) + Y 1Y 2 ( ) — Z 2 ln |l/i, kk| —+ Z yzk = a/i,l (29)
with the initial conditiong(0) = 0, theny, in (22) can k=1 k=1

be calculated as in (24), shown at the bottom of the pa%h
2) If n is an even number, i.en, = 2m, let ere

m—1 k k
p(n) =" Vi 2utn,2e-1 and g(n) = g(n — 1) (25) aie =2 2l lviul+_ vl (30)
u=1 t=1 t=1

with the initial conditiong(0) = 0, theny, in (23) can s called thekth partial sum for class, which addsy; ;; and
be calculated as in (26), shown at the bottom of the pagg.,, from ¢t = 1 up to k, and {a; +}!_, is a monotonically
It should be noted that in the above algorithm, f#{@) increasing sequence for eaghi.e., a; + > a; 5 if ¢ > s.
only needs to be calculated once in the beginning of theThe formulation in (29) is very useful because the discrim-
computing process, then it will be treated as a constant imant functiond;(x) can be calculated by a sequential partial
subsequent calculations. Therefore, the calculation for easm {a; .}!_,, given by (30). Since the classification of a
additional feature requires on{y:/2) 4+ (9/4) multiplications. test patternz into class¢ is based on theth discriminant
As a result, the total number of multiplications required fofunction d;(x), given by (13), a more efficient classification
one class is(1/4)(1? + 10). The number of multiplications rule can be now obtained by replacing (13) with (29) through
required to computé)(x) in (19) is detailed in Table I. the partial sums defined by (30) [24], [25]. For example, let
It is worth noting that the Winograd'’s algorithm described* be the class assigned to the test patter€lass 1 through
above cuts the number of required multiplications in half, at thasst were tested, i.ed,- (z) achieved the minimum among
expense of a few additions. Such computation reduction is eds- }!_; andt* € {1, 2, ---, t}. For the next class+ 1, rather
ily justified because a multiplication requires more computingpan directly computingi,+(z), we computea; 1 x, given

m

Zn — Z (Vn, 2u—1 + yQu)(Vn,Qu + y2u—l) +p(”) + (](71)

Yn = u=1 (24)
Vnn
m—1
Zn — Z (Vn, 2u—1+ yQu)(Vn, 2u + y2u—l) + Vn,n—1Yn—1 +p(”) + (](71)
U = u=1 (26)

Vnn
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TABLE I
PARAMETERS OF THE FSS

Input pattern x

Number of Bands 60 bands class t*=i=1
Spectral Converge 04-24 um calculate
Altitude 60 m !
Fov %5m d;(x) = ;a, ‘
TABLE Il
CLASS DESCRIPTION OFDATA SeT 1, CoLLECTED IN HAND CounTy, SD
Species Date |No. of Samples d, (x)=0,k=1
Spr?ng Wheat | 10/18/77 313 compute d,,
Spr!ng Wheat | 5/15/78 474 (Eq. (30))
Spring Wheat | 6/02/78 517
Spring Wheat | 7/09/78 454
Spring Wheat | 7/26/78 518
Spring Wheat | 8/16/78 464
Spring Wheat | 9/21/78 469
Spring Wheat | 10/26/78 441
TABLE IV
CLASS DESCRIPTION OFDATA SeT 2, CoLLECTED IN HAND CounTy, SD
Species Date | No. of Samples
Native Grass Pas | 10/18/77 183
Native Grass Pas 5/15/78 196
Native Grass Pas 6/02/78 214
Native Grass Pas 7/09/78 170
Native Grass Pas | 7/26/78 217 x € class *
Native Grass Pas 8/16/78 212
Fig. 2. Flowchart of the proposed fast recursive ML algorithm.
by (30), for eachk, then compare it t@;- () in the following TABLE V
procedure. CLAss DescRIPTION OF DATA SeT 3
Step 1) Check ifizy1, % S_dﬁ (x) fqr k < [. Ifitis not, go Species Dot Totion No-of Samples
to Step 3. Otherwise, continue to computg; 1 Spring Wheat 7/26/78 | Hand Co. SD. 518
and go to Step 2. Spring Wheat 6/02/78 | Hand Co. SD. 517
Step 2) Check ifa;41,x+1 < dp-(x) for k+1 < L Ifitis Spring Wheat 5/15/78 | Hand Co. SD. 474
not, go to Step 3. Otherwise, repeat Steps 1 and 2 Spring Wheat 9721778 | Hand Co. SD. 469
until £ 41 = {, in which casegz will be assigned Spring Wheat 8/16/78 | Hand Co. SD. 464
Spring Wheat 7/09/78 | Hand Co. SD. 454
to classt 41 and go to Step 4. Spring Wheat 10/26/78 | Hand Co. SD. 341
Step 3) In this casegi;1,, > di-(x) for somek < I, Spring Wheat 9/28/76 | Hand Co. SD. 414
diy1(x) = apy1,1 > a1,k > dp- (), thex cannot Winter Wheat 10/26/78 | Finney Co. KS. 393
be assigned to clagst+ 1 and go to Step 4. Spring Wheat 10/18/77 | Hand Co. SD. 313
Step 4) Move on to next clags+ 2 and computez; 4 1 gi'{tefSWhﬁat E%Z% E"“ey g"- }ég ;‘;i
rain Sorghum mne 0. .
for the next class + 2. Repeat Steps 1—4. Grain Sorihum 9/28/76 Finnez Co. KS. 277
The above four-step process will be terminated after all classes pasture 10/26/78 | Finney Co. KS. 217
are exhausted. In this case, classs the correct class to which Summer Follow 8/16/78 | Finney Co. KS. 216
the test pattern is supposed to be assigned. A flowchart of this Native Grass Pas | 6/02/78 | Hand Co. SD. 214
procedure is shown in Fig. 2. As demonstrated in experiments, ;“‘:?meéFOI“;W Z;‘;Z;; F}‘{““ZYCC"-S';S- f(‘)é
. . . . . . . ative Grass ras / an: 3. .
this algorithm is very efficient and achieves substantial saving Grain Sorgham 672677 | Finney Co. K&, 57

in computation, particularly, for the case in which a large
number of features need to be used or the class differences
are large. FSS data are listed in Table Il. Since bands corresponding
Another advantage of the proposed algorithm using (28) water absorption regions have no useful energy, they
and (30) is to alleviate the Hughes phenomenon, which oftare removed prior to processing, which leave 56 bands in
occurs in the processing of high-dimensional remote sensitgs study. Three data sets were used and their species,
data. data collection dates, locations, and the number of samples
collected are tabulated in Tables lll-V. Data set 1 contains
IV.  EXPERIMENTAL RESULTS AND DISCUSSIONS eight classes and Data set 2 has six classes with their class
In this section, experiments are conducted based on the F8&ns shown in Figs. 3 and 4, respectively. From Figs. 3 and
data with 60 spectral bands [26]. The major parameters of thewe can see that the mean differences between classes in
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Fig. 3. Class means of data set 1 with eight multitemporal classes.
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Fig. 4. Class means of data set 2 with six multitemporal classes.

Data set 2 are smaller than that in Data set 1. Using these TABLE VI
two data sets can illustrate the role of the mean difference in ~ PERFORMANCE COMPARISON AMONG 7 MLC’s FOR DaTA SET 1

c!assmcatlon. Unlike Data sets 1 and 2, which contain onl_y @ Typeof [Number ofClassification | Processing time [Speed-up rate
single substance, Data set 3 has 19 classes, which contain Sixclassifiers |bands used |accuracy (%) (sec)
different substances. By means of Data set 3, we can show MLC 56 98.36/96.32 |432.87/437.02
that the proposed classification method can also perform well EI::KACLC — —— 99-1379-08 437/441

. . - . . 37 | 36.96/36.65 11.71/11.92
for.the spatially and_ temporally comblned_ data. In order to | rvic §.42/8.33 S1.41/50.46
estimate the Gaussian parameters u§ed in the MLC, half of 55uic T 98359610 1 36793657 T 7771105
the data were used for training, while the other half were Bs-rRMIC 8.41/8.32 51.47/52.46
used as test samples. All programs were written in FORTRAN BSFES- T 96.47/93.38 | 3.06/3.02 141.46/144.71
language and compiled with Microsoft Fortran 5.1 compiler RMLC
on an IBM PC-486 (where «/x = performance of the training data ; performance of the test data)

The experiments conducted in this section were based on
these three data sets and particularly designed to make variB&s (BS-RMLC), and g) Gaussian RMLC with BS and FES
comparisons among several variations of MLC’s. Seven MIBSFES-RMLC), where BSFES is the BS with FES, given in
classifiers compared in the experiments are a) conventio&gctions 1I-B and 1I-C. Among these seven MLC'’s, BSFES-
Gaussian MLC using all bands, b) RMLC using all bandRMLC specified by g) is the two-stage ML classification
described in Fig. 2, ¢) Gaussian MLC with uniform bandnethod proposed in this paper. The reasons for choosing these
(UB-MLC), where UB selects the bands uniformly aparglassifiers for comparisons are given as follows.
d) Gaussian RMLC with UB (UB-RMLC), e) conventional 1) Comparing RMLC against MLC demonstrates the com-
Gaussian MLC with BS (BS-MLC), where BS is the BS putation efficiency and speed-up rate if an MLC is
algorithm described in Section 1I-B, f) Gaussian RMLC with implemented recursively.
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TABLE VII
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100
PERFORMANCE COMPARISON AMONG 7 MLC’s FOR DATA SET 2 /’M—: :.ﬂ" Tt
N
Type of  [Number of]|Classification | Processing time |Speed-up rate -~ 8
e o~
classifiers |bands used |accuracy (%) (sec) S 9 [ ﬂ‘
MLC 56 99.14/82.02 [107.10/106.92 g 60 |74
RMLC 31.33/31.31 3.42/3.42 E
UB-MLC 19 94.92/85.10 | 23.40/23.29 4.58/4.59 2 50
UB-RMLC 6.85/6.80 15.64/15.72 _5 40 MLC
BS-MLC 19 98.70/92.19 | 23.42/23 .30 4.57/4.59 S o BS.MLC
BS-RMI.C 6.85/6.79 15.64/15.7 E 20 —- UB-MLC
BSFES- 5 93.36/89.93 1.25/1.21 85.68/88.36 5
RMI.C 10
0 . . , . L L L . . .
1 6 11 16 21 26 31 36 41 46 51 56
TABLE VI Number of Bands

PERFORMANCE COMPARISON AMONG 7 MLC’s FOR DATA SET 3

Fig. 5. Performance comparison among methods with no BS (MLC), uni-

Type of  [[Number of|Classification | Processing time |Speed-up rate form BS (UB-MLC), and the proposed BS (BS-MLC) for data set 1 (training
classifiers [[bands used |accuracy (%) (sec) data).
MLC 56 99.01/92.36 [547.06/54532
RMLC 127.35/125.87 4.30/4.33 100
UB-MLC 26 96.13/93.21 |118.14/117.55 4.63/4 64 M‘ b
UB-RMLC 27.22/26 .97 20.10/20.22 90 W
BS-MLC 26 98.90/9535 [117.91/117.66 4.64/4.63 =~ 80
BS-RMI.C 27.23/26.99 20.09/20.20 < 4 /./
BSFES- 18 97.65/94.42 | 18.26/18.19 30/30 g
g 60
RMLC 5
2 s
g 40 ~ MiC
2) Comparing UB-MLC against MLC with full bands & 30 —~ B3-MLC
demonstrates the classification accuracy, the computg- 20 ~ UBMIC
tion efficiency and saving if a UB is used instead of® g
entire bands. 0 oy
3) Comparing BS-MLC and BS-RMLC against UB-MLC I 6 11 16 21 26 31 36 41 46 51 56
and UB-RMLC demonstrates the classification accuracy, Number of Bands

the computation efficiency and saving if a BS is uselglg. 6. Performance comparison among methods with MLC, UB-MLC, and
rather than UB.

BS-MLC for data set 2 (training data).
Comparing BSFES-RMLC against BS-RMLC demon-

strates the classification accuracy, the computation ef- ] ]
ficiency, and saving if an extra FSE procedure is aldyior to selection. It may be done by guess or trial and error,
used in conjunction with BS-RMLC. but obviously, it is not an optimal way to do it. In contrast to

Tables VI-VIII tabulate all detailed analysis for three dat B, the proposed BS suggests a systematic scheme to search

sets, respectively. The classification accuracy is calculated {/ desired bands. It first calculates the discriminant power

the mean of correct classification rates over all classes, wh8f%en Py (9) for each band and prioritizes all bands in order
a correct classification is made if a data sample is correcflj decreasing discriminant power. Then for eachit further
classified into the class to which it belongs. It is noted thgPmpPutes (10) to produce the discriminant power probability
this classification accuracy is a random variable, whose valB€ P, Which provides a measure of classification power with
varies from trial to trial. However, the variance of this randorfi* bands used for classification. This selection procedure is
variable will become small as the size of samples used dgsigned by using CA, which minimizes misclassification
increased. error, based on second-order data statistics. As shown in
It should be noted that the UB described above is impl&igs. 5-7 for training samples and Figs. 8-10 for test samples,
mented in a natural and intuitive way. This is based on ttféich CA-based BS performs better than the UB in both cases
concept that selecting widespread bands is more representdfivierms of classification accuracy by using the same number
than adjacent bands, due to high spectral correlation. It is vé@/bands. This can be anticipated because the CA-based BS
similar to downsampling (undersampling), a technique wideBlgorithm took into account the statistical spectral correlation,
used in communications and signal processing. It requires wbile UB simply downsamples the spectral bands uniformly
extra processing time. For instance, if only 15 bands needwithout actually calculating data statistics, in which case, it
be selected from 56 FSS bands, UB will select bands thdaews the bands to be equally important. On the other hand,
are four-bands apart. Namely, the selected bands uniform¥e can see in Figs. 5-7 that the performance of UB does not
cover the entire spectral range. Unfortunately, a major issom@ke much difference in training data compared to that with
arising in UB is the determination of the number of bandso BS, which assumes that the bands are processed according

4)
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to increasing spectral frequency. However, UB does perfoi@Proach delineated in Section Ill. The recursive algorithm can
slightly better than no BS in test data, as shown in Figs. 8—1#¢ implemented independently with/without BS, thus, it is not
It should be noted that the number of bands to be used figcessarily limited to the application presented here. As shown
BS can be determined from training samples. From Figs. 517, Tables VI-VIIl, the speed-up rate of RMLC compared to
we observe that the classification rate curves saturate graduiigt of MLC is approximately four. As expected, the saving
when their band number reach certain numbers. In the trainifigprocessing time is greatly improved in data sets 1 and 3
phase, these numbers are 15, 19, and 26 for the data sets {Tables VI and VIII) with large class mean differences, but
and 3, respectively. Such numbers provide an approximati®$s significantly for data set 2 (Table VII) when the class
to intrinsic dimensionality of the data. Of course, the numb&ieans are close.
of bands to be selected in classification also depends on thé&inally, from Tables VI-VIIl, we conclude that BSFES-
characteristics and the number of classes. RMLC has three advantages: 1) it reduces the bandwidth
It is also worth noting that the Hughes phenomenon appe&fstransmission via BS at the expense of a few additional
pronounced in data set 2. This is because the mean differene@@putations, 2) in the light of data dimensionality reduction
between the various classes in data set 2 are relatively sn@dlfl FSE, it reduces the Hughes phenomenon, which often
and make discrimination difficult among classes. Thereforegcurs in the high-dimensional remotely sensed data, and
the parameters obtained from the training data cannot sufi) by making use of a recursive algorithm, it reduces the
ciently represent their characteristics if the size of the trainifgjocessing time significantly, thus, improving computational
samples is small. In this case, the effectiveness of the BSeiiciency. These advantages enable BSFES-RMLC to handle
decreased and the between-class scatter m&tgsixends to high-dimensional remotely sensed data efficiently in terms of

approach zero matrix. computation and processing time.
In addition to the gains offered by BS and FSE, another
substantial saving in computation can be obtained by the fast V. CONCLUSIONS

recursive MLC, which incorporates the Cholesky decomposi- In this paper, a fast two-stage classification method was
tion, a Winograd's algorithm, and the sequential partial supresented to cope with two problems generally encountered
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in high-dimensional remote sensing data, a large bandwidti?] B. Kim and D. A. Landgrebe, “Hierarchical classifier design in high-

of transmission and excessive processing time required for Qimensional, numerous class casdEEE Trans. Geosci. Remote Sens-
| i . Th d thod it ft t . ing, vol. 29, pp. 518-528, 1991.
classification. The proposed method consists of tWo Stagess) w. Mansel, W. J. Kramber, and J. K. Lee, “Optimum band selection

a BS algorithm along with FSE employed in the first stage for supervised classification of multispectral datRfiotogramm. Eng.

; Remote Sensingol. 56, pp. 55-60, 1990.
followed by a fast RMLC in a second stage. The BS w ] O. Duda and P. E. HartPattern Classification and Scene Analysis

developed on the basis of the CA and loading factors, from" New York: wiley, 1973.
which the discriminant power could be defined and assigné@] A. Basilevsky,Statistical Factor Analysis and Related Method: Theory

: : g and Application New York: Wiley, 1994.
to each band. Using their discriminant powers, all bancﬂ§6] R. Harter, “The optimality of Winograd's formula,Commun. ACM

were prioritized for the purpose of BS. Since the BS had ~ vol. 15, pp. 352-353, 1972.
done nothing about spectral compression, the CA was appliéa] L. Kronsjo, Algorithm: Their Complexity and Efficiencgnd ed. Sin-

. . apore: Wiley, 1987.
again to the selected band data so that desired feature vecfpg]s%.p\,enkatesxaﬂu and P. S. V. S. K. Raju, “Winograd’s method: A

could be extracted and selected for next stage classification perspective for some pattern recognition problenfattern Recognit.

; ; ; ; i Lett, vol. 15, pp. 105-109, 1994.
to achieve a further data dimensionality reduction. In t 9] H. Swain and S. M. DaviRemote Sensing: The Quantitative Appraach

phase of classification, a fast recursive MLC was designed by New York: McGraw-Hill, 1978.
taking advantage of a Winograd's algorithm and a sequentl@p] C. Conese and F. Maselli, “Selection of optimum bands from TM scenes

partial sum procedure. As a consequence, a substantial saving g‘g‘n’gg’v‘o{“iﬁg‘aLF',”fgr_’?i‘“"{;;? BIYSISISPRS J. Photogramm. Remote

in computation can be accomplished. Experimental resujd] Lee and D. A. Landgrebe, “Feature extraction based on decision
show that the proposed classifier cuts down computational cost boundaries,"IEEE Trans. Pattern Anal. Machine Intellvol. 15, pp.

o : 388-400, 1993.
significantly and performs faster than the conventional ML%Z] F. Hughes, “On the accuracy of statistical pattern recogniz¢EEE

by a factor of 30-145. In addition, due to the reduction of the  Trans. Inform. Theoryvol. IT-14, pp. 55-63, 1968.
Hughes phenomenon by the proposed sequential partial S@r;ﬂ B. Venkateswarl_u_ and P. S. V. S. K. Raju, “Three stage ML classifier,
. . L . Pattern Recognitionyol. 24, pp. 1113-1116, 1991.
procedure, the RMLC produces a higher discrimination rajgy) e. Hodgson, “Reducing the computational requirements of the minimum
and improves classification performance_ distance classifier,Remote Sens. Envirgrvol. 25, pp. 117-128, 1988.
[25] P. M. Mather, “Computationally-efficient maximum likelihood classifier
employing prior probabilities for remotely-sensed datat’ J. Remote
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