IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 35, NO. 4, JULY 1997 833
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Abstract—Hybrid classification methods based on consensus Another approach is to divide the data into subsets of
from several data sources are considered. Each data source is atsources and then analyzes each subset [11]-[13]. In this
first treated separately and modeled using statistical methods. approach, the data are subdivided in such a way that variation

Then weighting mechanisms are used to control the influence ithi h subdivision i inimized liminated based
of each data source in the combined classification. The weightsWI In €ach subdivision Is minimized or eliminated based on

are optimized in order to improve the combined classification Some of the subdividing variables.
accuracies. Both linear and nonlinear optimization methods are  Still another method is ambiguity reduction where the data
considered and used in classification of two multisource remote are classified based on one or more of the data sources, the

sensing and geographic data sets. A nonlinear method which T
utilizes a neural network gives excellent experimental results. The results of the classification are assessed, and other sources are

hybrid statistical/neural method outperforms all other methods ~then u§ed to resolve the remaining .ambiguit_ies. The ambiguity
in terms of test accuracies in the experiments. reduction can be achieved by logical sorting methods [14].

Another method close to ambiguity reduction is the layered
classifier (tree classifier) applied in [15]. This approach has
I. INTRODUCTION the advantage that it treats the data sources separately but has

ATA FUSION [1] for classification of remote sensingthe shortcomings that design of the classifier is very dependent
Dand geographic data from multiple data sources is a ve?§ the analyst's expertise and knowledge of the data. Also,
challenging research problem. Typically, the multisource da@& in the ambiguity reduction method, different groupings or
now not only include spectral data but also, for examplérderings of the sources may produce different results [16]. In
forest maps, ground cover maps, radar data and topogradﬂ.ﬂ a knowledge-based method for multisource classification
information such as elevation and slope. It is desirable to udas been proposed but such methods can be very heuristic.
all of these data to extract more information and achieve high&podcock et al. [18] have also proposed a method using
accuracy in classification. mapping systems that resemble knowledge based systems.

The major methods proposed in data fusion are based orSupervised relaxation labeling has been used to merge data
statistical methods [2]-[4], neural networks [5]-[7], Dempstefrom multiple sources [19]. This method, like other relaxation
Shafer theory [4], [8], and fuzzy logic [9]. Here we willmethods, tries to develop consistency among a collection of
concentrate on the statistical and neural network methods @iigervations by means of an iterative numerical diffusion
the combination of those approaches. process.

Several statistical methods have been used in the past tét is important to develop general methods which can be
classify multisource remote sensing data. Conceptually, theed to classify complex data sets containing multispectral,
simplest method is the stacked-vector approach in whichtepographic and other forms of geographic data. Solbes.
compound vector with components from all of the data sourcB¥)] has used a Markov Random Field model for multisource
is found and processed using the conventional statistical clakssification of remotely sensed data. Related to this problem,
sification technigues in the same manner as data from a singleberg et al. [3] has proposed statistical techniques for
source. This method is very straightforward and works vemultitemporal data by allowing changes in the identities of
well if the data sources are similar and the relations amotite classes and by considering the class-dependent likelihood
the variables are easily modeled [10]. However, the methoddschanges. Benediktsson and Swain [2] have proposed the use
not applicable when the various sources cannot be descrileédconsensus theory which is a general approach that can be
by a common model, e.g., the multivariate Gaussian modaked for any type of data. In their approach the contribution
Another drawback is that when the multivariate Gaussiarf each expert needs to be weighted. No optimal way of doing
model is used, the computational cost grows as the squétet has been proposed.
of the total number of variables and becomes prohibitive if Neural networks have shown promise in data fusion of
the total number of variables is large. multisource data. Benediktssebal. [5] used backpropagation

successfully and compared their results to statistical methods.
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is usually very difficult to model by statistical methods [5]where Z = [z1,---,2,] iS @ compound vector consisting of
However, when a sufficiently accurate statistical model caibservations from all the data sources,s the number of
be determined, statistical methods should outperform neudalta sources;; (i = 1,---,n) is an observation from a single
networks in terms of classification accuracies. In multisourckata source »; can be a vector if the corresponding data
classification it is relatively easy to model each source indiource makes a multidimensional observation), a0d) is

vidually. In this paper, statistical methods are used to modéke probability ofZ. Differentiating sz.j (r) with respect tor

the individual sources. Then, some type of scheme is usad setting the result equal to zero gives

to combine the source specific classifications. This is done . _

b S L 22(7 L., )p(Z) =0.
y the combination of statistical consensus theory and neural =

networks. The goal of statistical consensus theory is to gﬁ;I

L e solution to the above equationsis= p(w, | Z) which
a consensus among experts. Here, an individual expert basr’r?ﬁies that the group probability(w, | Z) is optimal for
his opinion on a specific data source. The neural networka> group p P, P

) Rassification in the mean square sense.
are then used to obtain the consensus among the experts, 1.6

h | network timize th ith t "“Although the above justification for consensus theory exits,
e neural networks optimize the consensus with respect;fqq important to note that this justification does not place
classification accuracy.

. X . any constraints on the choice of the consensus rule (global
The paper is organized as follows. First, consensus theory{g mpership function), and consequently several consensus

reviewed. Then, weight selection schemes in consensus thegjigs have been proposed in the literature. Probably the most
are discussed in Section Ill. Experimental results for tW@ommonly used consensus rule is the linear opinion pool
multisource and geographic data sets are given in Section [YOP) (see Fig. 1) which has the following (group probability)

Finally, conclusions are presented in Section V. form for the information class; if n data sources are used:
n
[l. CONSENSUSTHEORY Ci(2) = Z Xip(wj | 2:) 1)
=1

Consensus theory [2], [21]-[25] is a well-established re-
search field involving procedures with the goal of combiningherep(w; | z;) is a source-specific posterior probability and
single probability distributions to summarize estimates from's (i = 1,---,n) are source-specific weights which control
multiple experts (data sources) with the assumption that tHi¢ relative influence of the data sources. The weights are
experts make decisions based on Bayesian decision the@§sociated with the sources @ (Z) (the global membership
Consensus theory is closely related to the method of stackegction for the LOP) to express quantitatively the goodness
generalization [26] where outputs of experts are combined (?If] each source [22].

a weighted sum with weights which are based on the indiviéj- The linear opinion pool has a number of appealing proper-

ual performance of the experts. In most consensus theor i For example, itis simple, yields a probability distribution,

X ) . d the weight); reflects in some way the relative expertise
methods each data source is at first considered separately.qpo he ith expert. Also, if the data sources have absolutely

. . L of
a given source an appropriate training procedure can be UBfitinuous probability distributions, the linear opinion pool
es an absolutely continuous distribution. In using the linear

to model the data by a number of source-specific densities tBﬂ;
will characterize that source [2]. The data types are assumgtlnion pool, it is assumed that all of the experts observe the

to be very general. The source-specific c_Iasses or clusters.iﬁﬁjt vectorZ. Therefore, (1) is simply a weighted average of
therefore referred to as data classes, since they are defiggdpronability distributions from all the experts and the result
from relationships in a particular data space. In general thesea combined probability distribution.
may not be a simple one-to-one relation between the userThe linear opinion pool, though simple, has several weak-
desired information classes and the set of data classes avail@leleses [21]; e.qg., it shows dictatorship when Bayes’ theorem
since the information classes are not necessarily a propertyiohpplied, i.e., only one data source will dominate in making
the data. In consensus theory, the information from the datadecision. It is also not externally Bayesian (does not obey
sources is aggregated by a global membership function, and Bagyes’ rule). The reason it is not externally Bayesian is that the
data are classified according to the usual maximum selectigrear opinion pool is not derived from the joint probabilities
rule into the information classes. The combination formulasing Bayes’ rule. Another consensus rule, the logarithmic
obtained is called a consensus rule. opinion pool (LOGP), has been proposed to overcome some
Consensus theory can be justified by the fact that a gro@pthe problems with the linear opinion pool. The logarithmic
decision is better in terms of mean square error than a decis@finion pool can be described by

from a single expert (data source). To show this, let us define n \
an indicator function Liy(Z)= Hp(wj | 2:) (2)
;. J1, ifw;occur or =t
i 0, if w; does not occur .
wherew; is an information class. Now it is needed to find an log(L;(Z)) = Z Ai log(p(wj | 2i)) (3)
estimate;r, of the “best” probability that minimizes the mean i=1
square error (summed over &fs) where Ay, - - -, A, are weights which should reflect the good-
gij (r) = Z(T — ij)Qp(Z) ness of the data sources ah¢(Z) is the global membership

Z function for the LOGP.
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Fig. 1. Schematic diagram of a linear opinion pool.

The logarithmic opinion pool differs from the linear opiniorwhere X is a matrix containing the discriminative outputs of
pool in that it is unimodal and less dispersed. Also, thfe consensus theoretic classifier @ndontains all the weights
logarithmic opinion pool treats the data sources independenilsee Fig. 2). Assuming tha has full column rank, the above
Zeros in it are vetos; i.e., if any expert assigtis; | z;) =0, equation can be solved fdr using the pseudo-inverse af or
thenL;(Z) = 0. This dramatic behavior is a drawback if thea simple linear delta rule. In order to find the optimal weights
density functions are not carefully estimated. The logarithmfor the casef is linear, we define
opinion pool is externally Bayesian, but it is computationally

more complicated than the linear opinion pool. X=[X1Xo - X,],
A1
[ll. WEIGHT-SELECTION SCHEMES Ao Ao

The previous section focused on consensus rules, but the :
weight selection schemes for these rules were not addressed. A
The weight-selection schemes in consensus theory sho

. \l/JvliqereXi t=1,---,nareN x M matrices {V is the number
reflect the goodness of the separate input data sources, I'?'training samples, and is the number of information
more influence in the decision making should be given f ’

data sources that contribute to higher accuracy. There ‘ﬂ%sses)' Each row ak; represents an output vector for the

at least two potential weight selection schemes. The fiI}SP data source. The matricas, i =1,...,n areM x M,

scheme is a classical scheme, i.e., to select the weights S[Jeéﬁ:esentmg the weights for theh data source. 1" = D

that they weight the individual data sources but not g the desired output for the whole classification problem, we

classes within the sources, e.g., use reliability measures whic

rank the data sources according to their goodness (heuristic XA=D

weight-selection scheme). These reliability measures might be,

e.g., source-specific classification accuracy of training datghere A is an unknown matrix, and its least square estimate

overall separability or equivocation [2]. Another version of\;.,; is sought by minimizing the squared error:

the classical scheme is the equal weighting method, i.e., all

the sources are weighted equally. Atopy = argmin || XA — D||?. 4)
The second scheme is to choose the weights such that they

not only weight the individual data sources but also the classeslhe solution forAjep: in (4) can usually be obtained by

within the sources. This scheme consists of defining a functigfing the pseudo-inverse df, i.e.,

Y = f(X,A) Alopt = (XTX)™IXTD (5)
where X contains source-specific posteriori discriminativ:t;\,here X7 is the transpose of, and (X7 X)~1XZ is the

information andA corresponds to the source-specific Weightﬁseudo-inverse of¢ which exists if XTX is nonsingular.

in (1) "’?“d.(3)- . In the case thafX is not of full column rank, this solution
!f f IS Imea_r, the combined output respons¢, can be becomes ill-conditioned. In that case one can use dummy

written in matrix form as augmentation to makeX a full column rank matrix in a
Y = XA higher dimensional space and then solve the problem. There
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Fig. 2. Schematic diagram of a linearly optimized LOP. Fig. 3. Schematic diagram of a LOP optimized by a neural network.
TABLE |
are at least two other suboptimal methods for solving this TRAINING AND TEST SAMPLES FOR INFORMATION CLASSES

- . IN THE EXPERIMENT ON THE COLORADO DATA SET
optimization problem.

The first method is to use sequential formulas to compute  ¢lass « | Information Class Training | Test
the optimal A [27]. Let the ith row vector of the matrixX Size | Size
T ; i T.
be ;" and theith row of the matrixD be d;; then A can be 1 | Water S0l | 302
calculated iteratively using the formula 9 Colorado Blue Spruce 56 56
A(H'l) — A(Z) + P(i+l)$i+l (d’ir—l—l — $?+1A(Z)) 3 Mountane/Subalpine Meadow 43 44
] ; 4 Aspen 70 70
P(H_l) = P(Z) — ;4’1})2(-1;)1 = 07 ]_7 ceey N 5 Ponderosa Pine 1 157 157
1+ :I:H'l Fitl 6 Ponderosa Pine/Douglas Fir 122 122
where AY) is the least squares estimate/fof,,.. The initial 7 | Engelmann Spruce 147 | 147
conditions to the sequential formula até” = 0 and P(¥) = 8 | Douglas Fir/White Fir 38| 38
/31, Where/} is a positi\/e |arge number. 9 Douglas Fir/Ponderosa Pine/Aspen 25 25
The second method for solving the least squares error 10 | Douglas Fir/White Fir/Aspen 49 50
problem is to choose unitary which minimizes||D — X A|? Total 1008 | 1011
[28]. We compute
2 2 2 can be considered to preprocess the data for the neural
1D — XA|* =[|D[I* = 2(D, XA) +[|X]| prep

networks. Then, the neural network learns the mapping from
where(D, XA) = tr(DAT X7 and tr returns the trace of itsthe source-specific posteriori probabilities to the information
argument matrix. If classes. Therefore, the neural network is used to optimize the
classification capability of the consensus theoretic classifiers

Ty _ T
XD =Vvau (see Fig. 3). IfY = D is the desired output for the whole
is a singular value decomposition (SVD) &f” D then classification problem, the process can be described by the
equation
s (DATXT) = tr(XTDAT) g N e 3
_ tr(VEUTAT) nlopt — argln/{n || - f( ’ )H . ( )
= tr(SUTATV) The update equation for the weights of the neural network is
Moo AN =nl|D = F(X, M|V 2
- 2(”()( D)tii where is a learning rate an¥ , is the gradient with respect
= to A.

whereT” = [t;;] = UT ATV is a unitary matrix and; is theith

singular value of its argument matrix. This sum is maximized IV. EXPERIMENTAL RESULTS

when allt; = 1, i.e., whenA,, = VUT, Experiments were conducted on two multisource remote
In the case whenf is nonlinear, a neural network cansensing and geographic data sets with different characteristics.

be used to obtain a mean square estimate of the functi@anth data sets were from forest areas but the class-conditional

Here, the consensus theoretic classifiers with equal weightformation in one data set (Anderson River data) were much
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TRAINING ACCURACIES IN PERCENTAGE FOR THECLI?SIBFII_CEATIIION METHODS APPLIED TO THE COLORADO DATA SET

Method Class 1 | Class 2 | Class 3 | Class 4 | Class 5 | Class 6 | Class 7 | Class 8 | Class 9 | Class 10 || Average Overall

Accuracy | Accuracy
MED 41.5 98.2 23.6 37.1 37.6 0.0 73.5 0.0 40.0 24.5 37.80 40.28
LOP (equal weights) 100.0 0.0 0.0 92.9 38.9 49.2 100.0 0.0 12.0 100.0 49.29 68.06
LOP (heuristic weights) 100.0 25.0 16.3 91.4 36.3 90.2 99.3 0.0 0.0 100.0 55.84 74.21
LOP (optimal lincar weights) 100.0 62.5 25.6 74.3 66.2 79.5 98.6 23.7 40.0 91.8 66.23 80.26
L.OP (optimized with CGBP) 100.0 87.9 26.2 81.8 67.8 73.0 100.0 39.5 75.0 94.4 74.55 83.46
LOGP (cqual weights) 99.7 96.4 20.9 87.1 60.5 46.7 100.0 44.7 44.0 91.8 69.20 78.97
LOGP (heuristic weights) 99.7 91.1 23.3 95.7 45.2 83.6 100.0 5.3 48.0 100.0 69.18 80.46
LOGP (optimal linear weights) | 100.0 67.9 23.3 81.4 58.6 82.8 98.6 18.4 28.0 91.8 65.08 79.66
LOGP (optimized with CGBP) | 100.0 80.4 69.8 99.6 78.3 82.8 100.0 80.3 100.0 100.0 89.12 91.39
CGBP (0 hidden neurons) 100.0 71.7 67.4 83.2 67.4 73.2 100.0 34.2 65.3 95.9 76.05 84.16
CGBP (40 hidden neurons) 100.0 96.7 95.7 99.5 90.3 89.5 100.0 87.3 96.7 100.0 95.58 96.26
Number of Samples 301 56 43 70 157 122 147 38 25 49 1008

more difficult to model statistically than for the other (Colability density functions were relatively sharp. Consequently,
orado data). In the experiments it was investigated haxero class-conditional probabilities were obtained for some
the difficulty with statistical modeling affected the weighinformation classes in (1) and (3). Therefore, the veto property
selection schemes for the different consensus rules. The resint$3) was sure to play a role in the consensus theoretic
of the experiments are discussed below. classifications in the experiment.

Several different weighting schemes were tried for the LOP
and LOG. These weighting schemes were: 1) equal weights;

o o 2) heuristic weights based on reliability measures [10]; 3)
Classification was performed on a data set consisting of thgtimal linear weights; and 4) optimal nonlinear weights

A. Experiment 1: Colorado Data Set

following four data sources [5], [10], [15]: based on (6). For the optimal nonlinear weights, two and

1) Landsat MSS data (four spectral data channels). three layer conjugate-gradient backpropagation (CGBP) neural
2) Elevation data (in 10-m contour intervals, one dataetworks [31] were utilized with different numbers of hidden

channel). neurons (0, 15, 25, 35, and 45 hidden neurons). For each

3) Slope data (0-90in 1° increments, one data channel).implementation, the neural networks were trained six times
4) Aspect data (1-180n 1° increments, one data channel)with different initializations. Then, the average accuracy for
Each channel comprised an image of 135 rows and 18fese six experiments was computed.
columns, and all channels were spatially co-registered. TheThe CGBP algorithm with two and three layers was also
area used for classification is a mountainous area in Coloratf@ained on the same data with different numbers of hidden
It has ten ground-cover classes which are listed in Table I. Oneurons (0, 15, 30, and 45 hidden neurons). Each version of the
class is water; the others are forest types. It is very difficUBGBP network was also trained six times with different ini-
to distinguish among the forest types using the Landsat M$8lizations and the overall average accuracies were computed
data alone since the forest classes show very similar spectrakach case.
response [5], [10], [15]. Reference data were compiled for theThe overall classification accuracies for the different meth-
area by comparing a cartographic map to a color compositds are summarized in Tables Il and Ill. In the tables the
of the Landsat data and also to a line printer output of eaelerage result for the best implementation of the neural
Landsat channel. By this method 2019 reference points (11.48twork-based methods is shown in each case. There the LOP
of the area) were selected comprising two or more homogand LOGP were both optimized by the CGBP with 30 hidden
neous fields in the imagery for each class. Approximately 50P€urons. Also, the following heuristic weights were used for
of the reference samples were used for training, and the rés LOP in (1): Landsat MSS: 1.0, elevation data: 0.4, slope
were used to test the classification methods. data: 0.4, and aspect data: 0.4. The heuristic weights for the
Three statistical methods were used to classify the data: @GP in (3) were: Landsat MSS: 1.0, elevation data: 0.6, slope
minimum Euclidean Distance (MED) classifier [19], the lineatlata: 0.6, and aspect data: 0.6. For the consensus theoretic
opinion pool (LOP), and the logarithmic opinion pool (LOGP)methods that utilize optimal linear weighting, the weighting
For the LOP and LOGP, ten data classes (correspondingwas determined by the pseudo-inverse method in Section III.
the information classes in Table I) were defined in each dataFrom Table Il (training data) it can bee seen that the CGBP
source. The multispectral remote sensing data sources weith 40 hidden neurons is the most accurate classification
modeled to be Gaussian but the topographic data sourcesthod both in terms of average (over the classes) and
were modeled by Parzen density estimation [30] with Gaussiaverall (over the samples) training accuracies. As expected,
kernels. In this experiment, some of the class-conditional praire MED classifier did not achieve high accuracies. For the
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TABLE 11l
TEST ACCURACIES IN PERCENTAGE FOR THECLASSIFICATION METHODS APPLIED TO THE COLORADO DATA SET
Method Class 1 | Class 2 | Class 3 | Class 4 | Class 5 | Class 6 | Class 7 | Class 8 | Class 9 | Class 10 || Average Overall
Accuracy | Accuracy
MED 40.1 100.0 34.1 30.0 32.5 0.8 69.4 0.0 28.0 20.0 35.19 37.98
L.OP (equal weights) 100.0 0.0 0.0 87.1 35.0 48.4 100.0 0.0 0.0 94.0 46.45 66.37
LOD (heuristic weights) 100.0 304 182 30.0 35.7 88.5 100.0 0.0 0.0 96.0 54.87 73.39
LOP (optimal lincar weights) 100.0 80.4 25.0 77.1 66.3 75.4 99.3 15.8 32.0 92.0 66.14 80.22
LOP (optimized with CGBP) 100.0 90.2 39.2 75.3 61.0 74.6 99.3 34.9 58.0 96.5 72.90 82.22
LOGP (cqual weights) 99.3 100.0 18.2 85.7 56.7 52.5 99.3 42.1 44.0 92.0 68.98 78.73
LOGP (heuristic weights) 100.0 96.4 18.2 91.4 40.8 87.7 99.3 10.5 24.0 100.0 66.84 79.62
LOGP (optimal linear weights) | 100.0 76.8 25.0 75.7 63.7 81.1 99.3 13.2 16.0 92.0 64.28 80.02
LOGP (optimized with CGBP) 99.8 64.3 58.0 73.9 61.5 1.7 98.6 49.3 80.0 94.0 75.12 82.27
CGBP (0 hidden neurons) 100.0 71.4 63.3 72.9 36.7 72.8 98.5 25.0 38.0 87.0 68.56 79.72
CGBP (40 hidden neurons) 99.89 57.1 61.0 67.6 39.3 69.1 97.4 34.6 45.3 78.7 67.01 78.37
Number of Samples 302 56 44 70 157 122 147 38 25 50 1011
92 T T T T T T
90t -7 1
-
-
-
/
88 4 b
/
— /
& /
- /
8 86 / .
8 /
g /
P /
S84 .
I ]
> i — - ——— -
@) T
x X o X X X X
821 X X . e ]
X / X LOP with O hidden
/./ + LOGP with 0 hidden
80+ 9 -—-- LOP with 30 hidden
’
v — — LOGP with 30 hidden
78 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800

Number of Training lterations

Fig. 4. Colorado data: Training accuracies as a function of the number of iterations for the consensus theoretic methods optimized by the C&BP. Result
with and without hidden neurons are displayed for each consensus rule.

consensus theoretic methods, the LOPG optimized with CGBered in terms of classification accuracy of test data. The
achieved the highest overall and average training accuraciesults for these methods were similar in terms of overall
The overall training accuracies obtained by the best LOP (al®st accuracies but the LOGP achieved higher average test
optimized by CGBP) were approximately 8% lower than thaccuracies (classification accuracy for class 9 is the major
ones achieved by the LOGP. Both CGBP optimized versionause for this difference). The LOP and LOGP with CGBP
of the consensus theoretic methods achieved significant ioptimization outperformed both versions of the neural network
provements over their equally weighted versions. In the caslassifiers in terms of overall and and average test accuracies.
of the LOP optimized by the CGBP, the training accuracy wahis indicates the significant result that the discriminative
improved by more than 15% but for the CGBP-optimizednformation provided by equally weighted consensus theo-
LOGP it increased by over 12%. retic classifiers are effective preprocessors for neural net-
In Table Ill (test data) it can be seen that the CGBP optivorks.
mization increased the test accuracies of the equally weightedn Figs. 4 and 5 the overall accuracies for the CGBP
LOP by nearly 16% but the equally weighted LOGP byptimized consensus theoretic classifiers are shown with both
almost 6%. The CGBP optimized versions of the consenszsro and 30 hidden neurons. There it is seen that the hidden
theoretic classifiers were the most accurate classifiers comurons are more important in the neural network optimization
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Fig. 5. Colorado data: Test accuracies as a function of the number of iterations for the consensus theoretic methods optimized by the CGBP. Results
with and without hidden neurons are displayed for each consensus rule.

of the LOGP than the LOP. This comes as no surprise since the TABLE IV
LOGP, in contrast to the LOP, is a nonlinear consensus rule. TRAINING AND TEST SAMPLES FOR INFORMATION CLASSES
IN THE EXPERIMENT ON THE ANDERSONRIVER DATA
. ) Class # Information Training | Test
B. Experiment 2: Anderson River Data Set cl .
ass Size Size
The data used in the second experiment, the Anderson River 1 Douglas Fir (31-40m) 971 8744
data set, are a multisource remote sensing and geographic 2 Douglas Fir (21-30m) 551 5769
data set made available by the Canada Centre for Remote 3 Douglas Fir | Other Specics(31-40m) 548 | 4932
SenSIng (CCRS) [32] This data set is very difficult to C|aSS|fY- 4 Douglas Fir + Lodgepole Pine (21-30m) 542 4881

The imagery involves a 2.& 2.8 km forestry site in the 5 | Hemlock | Cedar (31-40m) a7 | 2856
Anderson River area of British Columbia, Canada. The area
is characterized by rugged topography, with terrain elevations
ranging from 330 m to 1100 m above sea level. The forest
cover is primarily coniferus, with Douglas fir predominating

up to approximately 1050 m elevation, and cedar, hemlock

and spruce types predominating at higher elevations [32]. $i¥g |ines and 256 columns. All of the images are spatially

data sources were used: co-registered with pixel resolution of 12.5 m.
1) Airborne Multispectral Scanner (AMSS) with 11 spec- There are 19 information classes in the ground reference
tral data channels (ten channels from 380 to 1100 nfap provided by CCRS. In the experiments, only the six

Forest Clearings 1260 11340
Total 4189 38522

and one channel from 8 to 14m). largest ones were used, as listed in Table IV. Here, training
2) Steep Mode Synthetic Aperture Radar (SAR) with fousamples were selected uniformly, giving 10% of the total

data channels (X-HH, X-HV, L-HH, L-HV). sample size. All other known samples were then used as test
3) Shallow Mode SAR with four data channels (X-HHgamples.

X-HV, L-HH, L-HV). Four statistical methods were used to classify the data:
4) Elevation data (one data channel, where elevation fle MED, the Gaussian maximum likelihood method (ML),

meters= 61.996 + 7.2266 = pixel value). LOP, and the LOGP. For the LOP and LOGP six data
5) Slope data (one data channel, where slope in degreeglasses (corresponding to the information classes in Table 1V)

pixel value). were defined in each data source. The AMSS and SAR data
6) Aspect data (one data channel, where aspect dBurces were modeled to be Gaussian but the topographic data

degrees= 2 x pixel value). sources were modeled by Parzen density estimation [30] with

The AMSS and SAR data were detected during the we€aussian kernels. The Anderson River Data is very difficult
of July 25 to 31, 1978. Each channel comprises an imagetof model [33], and, therefore, few class-conditional source-
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Fig. 6. Anderson river data: Training accuracies as a function of the number of iterations for the methods that utilize the CGBP.

75 T T T T T ¥ T

70

(o]
%]
T

2]
(=]
T
1

Overall Accuracy (%)

CGBP (30 hidden neurons)
351 — — LOP (optimized with CGBP) 7
—— LOGP (optimized with CGBP)

1 1 1 L 1 L 1
500 200 400 600 800 1000 1200 1400 1600

Number of Training lterations

Fig. 7. Anderson river data: Test accuracies as a function of the number of iterations for the methods that utilize the CGBP.

specific probabilities were zero by the probabilistic modeling. As in the experiment on the Colorado data, the CGBP algo-
Consequently, the veto property of (3) was not a problem fathm with two and three layers was trained on the data with
these data. different numbers of hidden neurons (0, 15, 30, and 45 hidden
The same weighting schemes for the LOP and LOGP wetneurons). Each version of the CGBP network was trained
used as in the experiment on the Colorado data. For thi& times with different initializations and the overall average
nonlinear versions, two and three layer CGBP neural networkscuracies were computed in each case (see Figs. 6 and 7).
were utilized with different numbers of hidden neurons (0, 15, The overall classification accuracies for the different meth-
25, 35, and 45 hidden neurons). As in experiment 1, the neucals are summarized in Tables V (training) and VI (test). In
networks were trained six times with different initializationsthe tables the average result for the best implementation of
Then, the average of these six experiments was computedthe neural network based methods is shown in each case. The
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TRAINING ACCURACIES IN PERCENTAGE FOR THECLASS?I—:'?\CBA'IITIE)NVM ETHODS APPLIED TO THE ANDERSONRIVER DATA SeT
Method Class 1 | Class 2 | Class 3 | Class 4 | Class 5 | Class 6 || Average Overall
Accuracy | Accuracy

MED 40.4 8.9 47.6 67.7 42.3 72.4 46.55 50.51

ML 54.6 31.6 87.8 90.9 81.4 73.3 69.92 68.23

LOP (equal weights) 49.6 0.0 0.0 51.5 0.0 94.9 32.67 47.60
LOP (heuristic weights) 68.2 0.0 0.0 73.1 24.3 89.4 42.50 54.00
LOP (optimal lincar weights) 69.8 42.7 81.2 77.5 70.4 78.9 70.07 71.50
LOP (optimized with CGBP) 69.0 45.0 81.3 76.9 85.0 78.4 72.59 71.75
LOGP (equal wcights) 68.7 28.1 79.6 78.8 81.7 74.3 68.53 68.75
LOGP (heuristic weights) 68.9 33.2 78.5 79.5 75.7 75.8 68.60 69.42
LOGP (optimal linear weights) 71.9 40.3 79.7 75.1 82.0 79.1 71.35 72.09
LOGP (optimized with CGBP) 81.2 56.0 84.3 88.7 91.7 86.4 81.38 81.62
CGBP (30 hidden neurons) 72.2 34.4 67.2 74.6 79.2 83.1 68.44 70.67
Number of Samples 971 551 548 542 317 1260 4189

TABLE VI
TEST ACCURACIES IN PERCENTAGE FOR THECLASSIFICATION METHODS APPLIED TO THE ANDERSONRIVER DATA SeT
Method Class 1 | Class 2 | Class 3 | Class 4 | Class 5 | Class 6 || Average Overall
Accuracy | Accuracy

MED 39.7 8.9 48.4 70.2 46.0 7.7 47.48 50.83

ML 50.8 27.7 84.5 81.9 73.8 72.0 64.30 65.12

LOP (equal weights) 49.8 0.0 0.0 50.4 0.0 95.3 32.60 45.76
LOP (heuristic weights) 68.9 0.0 0.0 73.1 20.8 89.3 42.03 53.89
LOP (optimal linear weights) 66.4 34.3 78.5 74.8 72.6 79.5 67.66 68.56
LOP (optimized with CGBP) 67.1 36.7 77.3 75.1 83.4 77.6 69.52 69.15
LOGP (equal weights) 67.9 23.1 77.8 77.5 81.2 73.7 66.85 66.35
LOGP (heuristic weights) 69.0 31.8 75.9 78.6 75.6 75.1 67.60 68.58
LOGP (optimal linear weights) 68.6 32.4 75.2 71.2 81.7 80.1 68.17 68.73
LOGP (optimized with CGBP) 75.4 13.1 76.9 79.5 87.2 82.1 74.02 74.11
CGBP (30 hidden neurons) 71.9 29.3 67.5 73.8 79.3 82.4 67.36 68.83
Number of Samples 8744 5769 4932 4881 2856 11340 38522

following heuristic weights were used for the LOP: AMSSoutperformed easily the best single stage neural network classi-
1.0, SAR steep mode data: 0.8, SAR shallow mode data: (fi@rs both in terms of training and test accuracies. In contrast,
Elevation data: 1.0, Slope data: 1.0, and Aspect data: 1.0. The CGBP optimized LOP only gave comparable results to
heuristic weights for the LOGP were: AMSS: 1.0, SAR stede single stage CGBP with 30 hidden neurons. However, the
mode data: 1.0, SAR Shallow Mode Data: 1.0, Elevation dat@GBP optimized LOP improved significantly (between 23%
0.0, Slope data: 0.0, and Aspect data: 0.0. The pseudo inveasd 30%) on the LOP result with equal weights in terms
method of Section Ill was used as the optimal linear weightirgf average and overall accuracies of training and test data.
for the consensus theoretic methods. Also, the best CGBP optimized LOP results were achieved
In Tables V and VI, the conventional classification methodwith O hidden neurons where the best CGBP optimized LOGP
the MED and ML showed different characteristics. The MEDesults were reached with 45 hidden neurons. These results
was not acceptable in terms of classification accuracies, lawe not surprising since the LOP is a linear combination of
the ML accuracies were relatively good, especially considerimgsterior probabilities but the LOGP is nonlinear. Therefore,
that the data are not Gaussian. From the results in TablesaVnultilayer neural network is needed for the optimization of
and VI it is clear that the LOGP optimized with a neurathe LOGP.
network outperformed all other methods in terms of overall
and average training and test accuracies. It is noteworthy that
the CGBP optimization increased the overall accuracies of the
equally weighted LOGP by approximately 12% (training) and Hybrid statistical/neural network classification has been
6% (test), and the LOGP with nonlinearly optimized weightsroposed. The approach is based on using a neural network

V. CONCLUSION
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