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ABSTRACT

Remote sensing, which provides inexpensive, synoptic-scale data with multi-temporal
coverage, has proven to be very useful in land cover mapping, environmental monitor-
ing, forest and crop inventory, urban studies, natural and man made object recognition,
etc. Thematic information extracted from remote sensing imagery is also useful in vari-
ety of spatiotemporal applications. However, increasing spatial, spectral, and temporal
resolutions invalidate several assumptions made by the traditional classification meth-
ods. In this thesis we addressed four specific problems, namely, small training samples,
multisource data, aggregate classes, and spatial autocorrelation. We developed a novel
semi-supervised learning algorithm to address the small training sample problem. A
common assumption made in previous works is that the labeled and unlabeled training
samples are drawn from the same mixture model. However, in practice we observed
that the number of mixture components for labeled and unlabeled training samples
differ significantly. Our adaptive semi-supervised algorithm over comes this impor-
tant limitation by eliminating unlabeled samples from additional components through
a matching process. Multisource data classification is addressed through a combina-
tion of knowledge-based and semi-supervised approaches. We solved the aggregate class
classification problem by relaxing the unimodal assumption. We developed a novel
semi-supervised algorithm to address the spatial autocorrelation problem. Experimen-
tal evaluation on remote sensing imagery showed the efficacy of our novel methods over
conventional approaches. Together, our research delivered significant improvements in

thematic information extraction from remote sensing imagery.
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Chapter 1

Introduction

Land management organizations and the public have a need for more current regional
land cover information to manage resources and monitor land use change. Remote
sensing, which provides inexpensive, synoptic-scale data with multi-temporal coverage,
has proven to be very useful in land cover mapping, environmental monitoring, and
forest and crop inventory. Thematic information extracted from remote sensing imagery
is also useful in variety of spatio-temporal applications.

Image classification, i.e., assigning class labels to pixels, using some discriminant
function, is one of the fundamental analysis technique used in remote sensing to gen-
erate thematic information. Several classification algorithms have been proposed in
the literature for analysis of remote sensing imagery. These algorithms can be broadly
grouped into two categories, supervised and unsupervised, based on the kind of training
data (labeled or unlabeled) used. In supervised learning, analyst collects samples from
the image of interest and then assigns these samples to the predefined thematic classes,
with the aid of high resolution aerial photographs, ground visits, existing thematic maps
and knowledge. These labeled samples are called training data, which are then fed into
supervised classification models. Among supervised classification methods, the maxi-
mum likelihood classifier is the most extensively studied and utilized for classification of
multi-spectral images. Other classification schemes include, but not limited to, neural
networks [T, 2, B, 4], decision trees [3, 6, [7], support vector machines [8, @], and graph-
ical models. Unsupervised methods include various clustering algorithms [I0] such as
ISODATA and k-means, CHAMELEON. In remote sensing, clustering algorithms are
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generally used for initial processing to understand natural groupings in the data and as
an aid in training sample collection for the supervised learning.

Many supervised classification schemes proposed in the literature work well if the
land cover classes are spectrally separable, and sufficiently large number of training
samples were available. But in reality, the classes under investigation are often spec-
trally overlapping, and accurate training samples were limited. The i.i.d. assumption,
that is, samples are independent and identically distributed, poses severe problems with
spatial datasets, as the neighboring pixels are often exhibit spatial autocorrelation. As
a consequence the classified images often exhibit salt-and-pepper kind of noise. These
limitations have prompted us to develop new machine learning algorithms for spatio-
temporal data mining. This thesis address these four practical and important problems,
namely small training samples, multisource data, aggregate classes, and spatial auto-

correlation.

1.1 Small training sample problems

Bayes theory is the backbone behind many supervised statistical classification tech-
niques, including popular algorithms, such as maximum likelihood classification (MLC),
and maximum a posteriori classification (MAP). Often it is customary to assume Gaus-
sian or exponential family of distributions from which the training samples were gen-
erated, and use the classical maximum likelihood estimation theory to compute the
model parameters. The ML estimates have three desirable properties. First, they are
asymptotically unbiased, that is, they converge in the mean to the true values; second,
they are asymptotically consistent, that is, the estimates converge in probability; and
third, the pdf of an ML estimate approaches the Gaussian distribution as the number of
classes (n) — oo. Unfortunately, all these desired properties are valid, only if we have
a large number of training samples, and in practice often one has to deal with small
number of training samples.

Several approaches can be also be found in the literature that specifically deal with
small sample size problems in supervised learning [T, 12, T3] T4 [T5], [T6]. These methods
are aimed at designing appropriate classifiers, feature selection, and parameter estima-

tion so that classification error rates can be minimized while working with small sample



sizes.

Our motivation stems from the fact that although, in reality, we have to deal with
a small number of (labeled) training samples, we can obtain a very large number of
unlabeled training samples at no cost. Then the central question is how can we augment
the ML estimation of parameters in the presence of a large number of unlabeled training
samples. We developed semi-supervised algorithms, and experimentally evaluated these

techniques on real remote sensing datasets from various study sites in Minnesota.

1.2 Overlapping classes and multisource data classification

The spectral response distribution of classes are dependent on many factors including
terrain, slope, aspect, soil type and moisture content, and atmospheric conditions. The-
matic classes are often defined on the basis of some of these external factors, and not
just the spectral characteristics of the class alone. For example, thematic classes such as
upland hardwood and lowland hardwood, might have similar spectral properties, that
is, their statistical distributions might be highly overlapping.

In such situations, any classification method that is based on spectral data alone
will fail to capture the full essence of the problem. Several recent studies have focused
on incorporating ancillary information into the classification process. The most notable
approaches are neural networks, expert (knowledge based, rule based) systems, and the
maximum likelihood classifiers (MLC) with a priori knowledge. Ancillary layers can
be directly incorporated into neural network and decision tree learning, as opposed to
maximum likelihood classification, since these classifiers do not assume any underlying
probability distribution of data. In general neural networks perform as good as MLC or
even better in some cases. However, neural network training and the establishment of
suitable parameters are difficult in practice and the neural network approach does not
offer any significant advantages over conventional classification schemes at the forest
type level classification [2]. Knowledge based systems (KBS) offer a flexible framework
for incorporating ancillary spatial data into the classification process. However, the
main issue associated with KB systems is the development of consistent and accurate
rules.

These limitations have led us to investigate two new approaches - a fusion of KBS
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and MLC for classification of multi-spectral remote sensing imagery utilizing knowledge
derived from ancillary spatial databases, and an hierarchical classifier, which exploits
relative strengths of individual classifiers from an ensemble. This approach minimizes
the limitation of KB by simplifying the rule-base. In this simplified approach, the
rule-base is used to stratify the image into homogeneous regions rather than classifying
individual pixels. The stratified regions minimize the overlap among the classes and thus
provide a robust environment for MLC. We also extended the semi-supervised learning

algorithm for multisource data by utilizing the above methods.

1.3 Aggregate Classes

In many practical situations it is not feasible to collect labeled samples for all available
classes in a domain. Especially in supervised classification of remotely sensed images it
is impossible to collect ground truth information over large geographic regions for all
thematic classes. As a result often analysts collect labels for aggregate classes (e.g., For-
est, Agriculture, Urban). Aggregate classes violate basic assumption that each class is
described by a unimodal statistical distribution. Aggregate classes also tend to increase
class covariance structure which further leads to increased overlap with other classes.
This overlap degrades classification performance. We developed a novel algorithm which

showed improved classification performance.

1.4 Spatial Autocorrelation

Traditional data mining algorithms[I7] often make assumptions (e.g. independent, iden-
tical distributions) which violate Tobler’s first law of Geography: everything is related
to everything else but nearby things are more related than distant things[Ig]. In other
words, the values of attributes of nearby spatial objects tend to systematically affect
each other. In spatial statistics, an area within statistics devoted to the analysis of
spatial data, this is called spatial autocorrelation[I9]. Knowledge discovery techniques
which ignore spatial autocorrelation typically perform poorly in the presence of spatial
data. The simplest way to model spatial dependence is through spatial covariance. Of-

ten the spatial dependencies arise due to the inherent characteristics of the phenomena
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under study, but in particular they arise due to the fact that imaging sensors have
better resolution than object size. For example, remote sensing satellites have resolu-
tions ranging from 30 meters (e.g., Enhanced Thematic Mapper of Landsat 7 satellite
of NASA) to one meter (e.g., IKONOS satellite from Spacelmaging), while the objects
under study (e.g., Urban, Forest, Water) are much bigger than 30 meters. As a result,
the per-pixel-based classifiers such as MLC and MAP, which do not take spatial context
into account, often produce classified images with salt and pepper noise. These classifiers
also suffer in terms of classification accuracy.

There are two major approaches for incorporating spatial dependence into classifi-
cation/prediction problems. They are spatial autoregression models [20], [21], [22],
[23], [24], 28] and Markov Random Field models [26], [27], [28], [29], [30], [31],
[32]. First we provide a comparison of these two approaches. MRF based classifica-
tion is widely used in remote sensing. We extended our semi-supervised framework by

incorporating spatial neighborhood relationships via MRF model.

1.5 Contributions

In this thesis work, we analyzed and characterized the practical problems that arise
in mining spatio-temporal datasets due classical assumptions. We developed efficient
algorithms for thematic information extraction from multidimensional remote sensing
imagery (raster data) guided by ancillary geo-spatial information (vector data), while

accounting for small training sample sizes and spatial autocorrelations.

In the first problem, we developed a semi-supervised classification framework which
addresses the small training dataset problem by augmenting the parameter esti-
mation using unlabeled samples. We studied this framework extensively by con-
ducting experiments on different study sites under varying geographic settings.
One of the main problems that were not considered in the previous literature is
the quality of unlabeled training samples. Though literature survey shows that
incorporation of unlabeled training samples improved the overall classification ac-
curacies, our extensive study shows that often classification performance degrades
with incorporation of unlabeled samples. One of the main reasons for such degra-

dation in performance can be attributed to the fact that the statical model for
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unlabeled training data has more components than the number of classes (compo-
nents). We developed an adaptive semi-supervised learning algorithm which tries

to mitigate this problem.

The second problem we addressed is the class overlap problem, where often mismatch
occurs between the classes defined by the user and the class distribution supported
by the underlying datasets. We developed two new classifiers; one that exploits
spectral and spatial knowledge, second one that exploits hierarchical nature of

classes. We also extended the semi-supervised approach for multisource data.

We addressed the aggregate class problem by relaxing the unimodal class assumption.
Instead we model each aggregate class as a finite Gaussian mixture. The number
of components in each finite Gaussian mixture are automatically estimated. Our

experimental evaluation showed improved classification accuracy.

In the final problem, we addressed the spatial autocorrelation phenomena which is a
norm in the spatio-temporal datasets. We extended our semi-supervised frame-
work to model the spatial neighborhood relationships via Markov Random Field
model. Experimental evaluation shows that our new spatial semi-supervised learn-
ing algorithm performs not only better than other relevant classifiers, but it also
produces thematic maps which is most desired by the domain experts. In addition,

we developed an efficient algorithm which is computationally more attractive.



Chapter 2
Supervised Classification

Given a sample set of input-output pairs, the objective of supervised learning is to
find a function that learns from the given input-output pairs, and predicts an output
for any unseen input (but assumed to be generated from the same distribution), such
that the predicted output is is as close as possible to the desired output. The name
“supervised” comes from the fact that the input-output example pairs are given by an
expert (teacher). Examples of the supervised learning include thematic map generation
(classification) from satellite images, tumor or other organs recognition from medical
images, recognition of hand written characters from the scanned documents, prediction
of stock market indexes, and speech recognition. The input-output pairs, also called
training samples, or training dataset, is denoted by (x;,y;), where x;’s are often vectors
of measurements over the d-dimensional attribute space. For example, in remote sensing
image classification, the input attribute space consists of various spectral bands or
channels (e.g., blue, green, red, infra-red, thermal, etc.), and the input vectors (z;’s) are
reflectance values at the " location in the image, and the outputs (y;’s) are thematic
classes such as forest, urban, water, and Agriculture. Depending on the type of the

output attribute, two supervised learning tasks can be distinguished:

e Classification: In classification, the input vectors x; are assigned to few discrete

number of classes ;.

e Regression: In regression, also known as function approximation, the input-

output pairs are generated from an unknown function of the form y = f(x),
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where y is continuous. Typically regression is used in prediction and estimation,
for example, stock value prediction, daily temperature prediction, and market
share estimation for a particular product. Regression can also be used in inverse
estimation, that is, given that we have an observed value of y, we want to determine

the corresponding z value.

Classification can be viewed as a special case of regression. In this thesis we specifi-
cally consider the problem of multi-spectral remote sensing image classification. Image
classification can be formally defined as finding a function g(x) which maps the input
patterns z onto output classes y; (some times y;’s are also denoted as w;). The main
objective is to assign a label (e.g. Water, Forest, Urban) to each pixel in the classified
image, given corresponding feature vector x; in the input image. We use the following

definitions.
Let

X be an image composed of d-dimensional pixels, where d corresponds to the
number of features (e.g. blue, green, red, infra-red, and thermal bands in
multi-spectral images or soil types, elevation, aspect, ecological zones, and

other ancillary geo-spatial data layers).
yi,4 = 1,..., M, where M is the total number of classes
x is a d-dimensional feature (column) vector

Pr(y;|x),i = 1,..., M are the conditional probabilities referred to as a posteriori

probabilities.

Depending on the type of supervised learning method used, the objective of a super-
vised learning could be finding a function g(x) (also called a discriminant function), that
divides the input d—dimensional feature space into several regions, where each region

corresponds to a thematic class y. One such simple function is given by:

x € y; if p(yslw) > ply;le) Vj #i. (2.1)
That is, the feature vector x belongs to class y; if p(y;|z) is the largest.
We now formally define the supervised classification problem in the context of general

statistical framework.
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2.1 Supervised Statical Classification: Problem Formula-

tion
Let us now formalize the classification problem as following:

Given:
A spatial framework S consisting of sites s;; ordered as an [ x p matrix, where [ is
the number of lines and p is the number of pixels, and {1 <@ <[,1 < j < p}.

A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels

Training Dataset D = (z;,y;), where ¢ is indexed over S and j is indexed over

the number of classes k.

A parametric model (e.g., Gaussian).
Find:

Estimate parameter vector © (e.g., {i;, 2i}).
Objective:

Maximize complete data log-likelihood L(O).
Assumptions:

A1 The size of the labeled training dataset is approximately 10 to 30 times the
number of dimensions

A2 Thematic classes are separable

A3 Classes are unimodal

A4 Feature vectors are independent and identically distributed (i.i.d), but fea-
tures are highly correlated in feature space (that is features are not indepen-
dent).
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Rest of the thesis revolves around this generic classification framework and especially
the four assumptions (Al through A4). Even though the discrimination rule defined
above (Eq. ) sounds simple, the class assignment problem is very difficult. There is
no single algorithm which will correctly classify any given image. The problem stems
from the fact that in many classification situations one or more of the assumptions are
violated. In this thesis we address all the four assumptions. We now briefly delve into
three popular supervised learning schemes, namely maximum likelihood classification,

decision trees, and neural networks.

2.2 Maximum Likelihood Classifier

Maximum likelihood classification is one of the most widely used parametric and su-
pervised classification technique in remote sensing field [33], [34]. The discriminant
function defined in eq. ZTl though simple, needs the p(y;|x) to be estimated. Assuming
that sufficient ground truth (training) data is available for each thematic class, we can
estimate the probability distribution p(z|y;) for a class (y;) that describes the chance of
finding a pixel from that class at the position x. This estimated p(y;|z) can be related

with the desired p(z|y;) using Bayes’ theorem:

p(zly:)p(yi)
p(yilz) = W (2.2)
where p(y;) is the probability that class y; occurs in the image, also know as ‘a priori’
probability, and p(x) is the probability of finding a pixel from any class at location x.
Since p(x) is constant, we can omit it from computation and write the discriminant

function g(x) by simplifying eq and taking logarithm as follows:

9i(x) = Inp(xy;) + I p(y;) (2.3)

where In is the natural logarithm. By assuming multivariate normal model for class
probability distributions, the discriminant function g;(x) for the maximum likelihood

classification can be written as the following.

gi(%) = In p(w;) — %(x —m)'S 7 (x — my) (2.4)
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MLC is an example of a Bayesian classifier. We give a formal treatment of Bayesian

classification in the next chapter; more details can also be found in [35] [36].

2.3 Decision Trees

A decision tree (DT) is a supervised classifier that recursively partitions a data set into
smaller subdivisions based on a set of simple tests at each internal node in the tree.
The leaf nodes represents the class labels ;. Training data set is used to learn the
split conditions at each internal node and to construct a decision tree. For each new
sample (i.e., feature vector x), the classification algorithm will search for the region
along a path of nodes of the tree to which the feature vector x will be assigned. That
is, the classification of a region is determined by a path from the root node to a leaf
node. In previous studies decision trees were used for remote sensing classification with
accuracies that were comparable to MLC [37] and global land cover classifications
B], [7. Performance of three different types of decision trees, namely, univariate,
multivariate, and hybrid decision trees for remote sensing data classification, against
MLC were reported in [6]. Most common decision trees split the feature space into
hyper-rectangles with sides parallel to the axis. They work well for discrete attributes
and moderate dimensionality. To overcome this limitation, oblique decision trees [3§]
were proposed to find the optimal hyper-plane (not necessarily axis-parallel) for each
node of a decision tree, which showed improved performance for continuous attributes
(for example, remote sening images). In this study, we used C4.5, a publicly available

univariate decision tree software. For algorithmic details, see Quinlan [39].

2.4 Neural Networks

Artificial neural networks, which are non-parametric classifiers as opposed to Bayesian
classifiers, are gaining popularity in remote sensing image classification. This popularity
can attributed to several factors: 1) previous studies [I], [E0] have shown that their
performance is as good as MLC and in many cases even better accuracy, 2) they are
non-parametric, so they are capable of classifying multi-source data, where as paramet-

ric classifiers have problems with multi-source data, and 3) they have several desirable
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characteristics like nonlinearity, adaptability and fault tolerance. Their use in remote
sensing data analysis has been some what limited till recent years; because of the com-
plexities associated with setting up suitable parameters for network training and the
lack of knowledge about internal working of network (especially how they divide the fea-
ture space) and lack of comparative studies. The previous “black box” view of neural
networks which limited its use is now broken with the insights provided by recent stud-
ies 1], [2], [E]. Several recent studies [3], [I], [40] were also focused on comparing
statistical and neural network classification of remote sensing data.

The back-propagation algorithm is the most common method of training multi-
layer feed-forward neural networks (also know as multi-layer perceptrons). Multi-layer
perceptrons (MLP) are simple interconnections of neurons organized into multiple layers,
typically consisting of input, output and one or more hidden layers. Hidden layers
enables the network to extract higher order statistics [A2]. Information processing
starts from input end of network and propagates through hidden layers and to the
output end of network (thats why it is called as feed-forward networks). Input layers
serve as distribution structure for the inputs, hidden neurons intervene between input
and output layers, and the output layer constitutes the overall response of the network.
This network can be trained in several ways, but back-propagation is a highly popular
choice for training MLP networks. The error back-propagation consists of two passes
through different layers of the network, a forward and a backward pass. The algorithm

works as follows:

1. Initialization. Initialize the network with uniformly distributed random weights,

read inputs z and desired outputs, y;.

2. Presentation of Training Examples. Present network with an epoch of training

examples. For each example, repeat steps 3 and 4.

3. Feed-forward computation. In this pass compute the outputs, y;:

1

= T el U i (25)

Yj

Compute the error signal as the difference between computed output (o; = y; -

for output layer) and the desired output d;.
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4. Backward computation. During this pass synaptic weights are adjusted according

to error correction rule,

wij(t + 1) = w,-j(t) + néjyi (26)

where w;;(t) is the weight from the input node ¢ to the hidden node j at time
t, 1 is learning rate, and J; is the error term (i.e. local gradients). The ¢’s are

computed as follows:

d; =y;j(1 —y;)(dj —0;) for neuron j in output layer

0; = yj(1 — y;)Ekdpw; for neuron j in hidden layer

5. Iteration. Repeat steps 3 and 4 by presenting new epochs of training examples
to the network until the network converges, or a predetermined minimum error is

achieved.

There are several disadvantage with this plain vanilla back-propagation algorithm,
especially it has the danger of stuck in local minima, or oscillation behavior when
the error surface has a very narrow minimum area. We have used back-propagation
momentum algorithms which avoids the oscillation behavior of vanilla back-propagation

incorporating a momentum term in the generalized delta rule as follows:

wij(t + 1) = awij(t) + néjyi (27)

where « is a constant specifying the influence of the momentum. This modification
allows faster traversal of flat spots of the error surface with big step size and small step
size for rough surfaces, and thus increases learning speed.

In this study we are specifically interested in comparative analysis of MLC, DT, and
NN. We used the same training and test dataset for comparing the accuracies of these

classifiers.
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2.5 Experimental Evaluation

2.5.1 Dataset

The Cloquet study site encompasses Carlton County, Minnesota, which is approxi-
mately 20 miles southwest of Duluth, Minnesota. The region is predominantly forested,
composed mostly of upland hardwoods and lowland conifers. There is a scattering of
agriculture throughout. The topography is relatively flat, with the exception of the
eastern portion of the county containing the St. Louis River. Wetlands, both forested
and non-forested, are common throughout the area. The largest city in the area is Clo-
quet, a town of about 10,000. We used a spring Landsat 7 scene, taken May 31, 2000,
and clipped to the study region. The final rectified and clipped image size is 1343 lines
x 2019 columns x 6 bands. The training and test data set descriptions were given in
Table 211

CID | Class Name | Training | Test

Yi Samples | Samples
1 Hardwood 1 | 4 23

2 Hardwood 2 | 9 51

3 Conifer 12 29

4 Agriculture | 8 26

) Urban 7 )

7 Wetlands 17 65

8 Water 3 6

Table 2.1: Training and Test Data Set.

All the three classifiers were trained using the same 60 labeled training dataset and
tested with a separate training dataset consisting of 205 labeled plots. Performance of

each classifier was measured using the following accuracy measures.

2.5.2 Contingency Table

The relationship between the predicted classes versus ground truth (test data) or ref-
erence data is often summarized as table variously known as contingency table, error
matrix, or confusion matrix (see Table [Z2).

We can derive several accuracy measures from the contingency table.
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Image Reference

Label | Class1 | Class2 | ... | Class M
Class 1 a1 a1 aim
Class 2 a1 a9 .. aop
Class M ami an9 apM M

Table 2.2: Contingency Table

. The overall accuracy (OA) gives the percentage of the pixels in all reference areas
that are correctly classified, that is, the probability that a randomly selected point

location is correctly classified in the image.

=S -

. Commission Error (CE;) : The conditional probability that a randomly selected
point classified as class ¢ by the classifier is actually the class j in the reference

data.

CEZ‘ = Z Qitj / (Z aik) (29)
j k

. Omission Error (OFE;): The conditional probability that a randomly selected point
classified as class i by the reference data is actually the class j in the classified

image.

j k
. User accuracy (UA;) for a given class i gives the percentage of the image pixels

in all reference areas that classified as class 7, which are actually classified as the

same in the reference data. The user accuracy is related to the commission error

as UA; = 100 — CE;.
UAZ' = aii/ (Z a]“') (2.11)
k
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5. Producer accuracy (PA;) for a given class i gives the percentage of the image
pixels in the reference area that are correctly classifed, that is, the conditional
probability that a randomly selected point classified as class i by the reference
data is also classified as the the class ¢ by the classifier. Producer accuracy is

related to omission error as PA; = 100 — OF;.

k

6. Cohen’s kappa coefficient (k) is another widely used statistical measure to report
classification error. This measure is more robust than simple percent agreement
measures defined above, as it takes into account all off-diagonal elements into the
estimation of accuracy. Using the entries in the contingency table, the & is defined

as:

k= (Pr(p,) — Pr(e)) /(1 — Pr(e)) (2.13)

where pr(o) = 0;a44, and pr(e) = o;(ayjaj+). One interpretation of « is: | 0.40:
poor, 0.40 - 0.59 : fair, 0.60 - 0.74 : good, and j, 0.75 : excellent.

2.5.3 Results

Let us now summarize the classification results using the accuracy measures defined in
Section Table shows the error matrix for maximum likelihood classification,
Table B4 shows the error matrix for decision tree classification, and Table shows
the error matrix for neural network classification.

Figure 2] summarizes the producers accuracy (PA) and overall accuracies (OA) of
all three classifiers. First seven bars (three bar group representing DT, MLC, and NN
classifiers respectively) represents producer’s accuracy and last bar represents overall
accuracy. It can be seen from this figure, that there are minor differences between
individual class accuracies, however the performance of both MLC and NN are very

similar.
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Image Reference
Label 1 2 3 4 5 7 8 PA
1] 168.00  26.00 0.00 10.00  2.00 1.00 0.00 81.16
2| 22.00 416.00 5.00 1.00  8.00 7.00 0.00 90.63
3 0.00 9.00 207.00 0.00 17.00  28.00 0.00 79.31
4 6.00 0.00 0.00 220.00  4.00 4.00 0.00 94.02
5 0.00 0.00 0.00 0.00 45.00 0.00 0.00 100.00
7 0.00  17.00 1.00 7.00 48.00 512.00 0.00 87.52
8 0.00 0.00 2.00 0.00 16.00 0.00  36.00 66.67
UA | 85.71 88.89 96.28 9244 32.14 92.75 100.00 | OA=86.94

Table 2.3: MLC Accuracy (Error Matrix)

Image Reference
Label 1 2 3 4 5 7 8 PA
1] 176.00 17.00 0.00 14.00  0.00 0.00 0.00 85.00
2| 94.00 351.00 7.00 4.00  0.00 3.00 0.00 76.50
3 0.00  23.00 236.00 0.00  0.00 2.00 0.00 90.40
41 24.00 0.00 0.00 208.00 1.00 1.00 0.00 88.90
5 0.00 0.00 0.00 0.00 43.00 2.00 0.00 95.60
71 13.00 28.00 22.00 47.00 79.00 396.00 0.00 67.70
8 0.00 0.00  16.00 0.00  0.00 0.00  38.00 70.40
UA | 57.00 84.00 84.00 76.00 35.00 98.00 100.00 | OA=78.48

Table 2.4: DT Accuracy (Error Matrix)

2.6 Conclusions

In this chapter we introduced supervised learning and did a comparative analysis of
three popular classification schemes, namely, maximum likelihood, decision trees, and
neural networks. This study shows that both maximum likelihood and neural networks
classifiers performed well and have almost same performance results. However, max-
imum likelihood classifier, which is a Bayesian classifier, is very simple and have nice

properties which will be discussed in the next chapter.



Image Reference
Label 1 2 3 4 5 7 8 PA
1] 183.00  21.00 0.00 2.00  0.00 1.00  0.00 88.40
2| 31.00 421.00 3.00 1.00  0.00 3.00  0.00 91.70
3 0.00  28.00 224.00 0.00  0.00 4.00  5.00 85.80
41 34.00 3.00 0.00 194.00  0.00 3.00  0.00 82.90
5 0.00 0.00 0.00 0.00 45.00 0.00  0.00 100.00
7 1.00  27.00 7.00 27.00 39.00 479.00 5.00 81.90
8 0.00 0.00 0.00 0.00  0.00 0.00 54.00 100.00
UA | 7350 84.20 9570 86.60 53.60 97.80 84.40 | OA=86.72

Table 2.5: NN Accuracy (Error Matrix)
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Chapter 3

Semi-supervised Learning

3.1 Introduction

New approaches are needed to extract useful patterns from increasingly large remote
sensing and geo-spatial databases in order to understand global climatic changes, vege-
tation dynamics, ocean processes, etc. Remote sensing provides continuous data of large
geographic regions. The multi-spectral and multi-temporal digital imagery acquired by
using remote sensing has applications in areas such as natural resource monitoring, the-
matic mapping, flood and fire disaster monitoring, target detection, and urban growth
modeling. The new generation of high spatial (and spectral) resolution satellites are ac-
quiring huge amounts of image data. NASA alone collects more than a terabyte of image
data per day. There is a great demand for accurate land use and land cover classifica-
tion derived from remotely sensed data in the applications mentioned above. However,
increasing spatial and spectral resolution puts several constraints on supervised classi-
fication. The increased spectral resolution requires a large amount of accurate training
data. Collecting ground truth data for a large number of samples is very difficult, es-
pecially in emergency situations like forest fires, land slides, floods, etc. In this chapter

we explore methods that utilize unlabeled samples in supervised learning framework.

3.1.1 Semi-supervised Learning: Problem Formulation

Let us now formalize the semi-supervised learning method.

20
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Given:
A spatial framework S consisting of sites s;; ordered as an I X p matrix, where [ is
the number of lines and p is the number of pixels, and {1 <i <[,1 < j < p}.

A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels

Training Dataset D = D; U D,;, where D; contains labeled training plots and

D,; contains unlabeled training plots.

A parametric model (e.g., Gaussian).
Find:
Estimate parameter vector © (e.g., {j;, 2i})-
Objective:
Maximize complete data log-likelihood L(©).
Assumptions:
A1 The size of the labeled training dataset is less than 10 to 30 times the number
of dimensions
A2 Thematic classes are separable

A3 Classes are unimodal

A4 Feature vectors are independent and identically distributed (i.i.d), but fea-
tures are highly correlated in feature space (that is features are not indepen-

dent).
A5 D; and D, samples are generated by the same GMM.

This problem definition is essentially same as the supervised classification problem
definition ( EI), except for the following two modifications: first, the training data set
D includes unlabeled training samples, second, the labeled training samples are less

than required number to accurately estimate the model parameters. We also made an
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additional assumption that the labeled and unlabeled samples were generated by the
same model (GMM).

3.1.2 Related Work and Our Contributions

Recently, semi-supervised learning techniques that utilize large number of unlabeled
training samples in conjunction with small labeled training data are becoming popular
in machine learning and data mining 43, 44, 45]. This popularity can be attributed
to the fact that several of these studies have reported improved classification and pre-
diction accuracies, and that the unlabeled training samples comes almost for free. The
common thread between many of these methods is the Expectation Maximization (EM)
algorithm. The EM algorithm, first proposed in [46], has become one of the popular
methods for maximum likelihood (ML) based parameter estimation. Key feature of
the EM algorithm is that it estimates parameters in the absence of feature values in
the input data (also known as incomplete data). Many of the semi-supervised learning
methods pose class labels as the missing data and use EM algorithm to improve initial
(either guessed or estimated from small labeled samples) parameter estimates.

The semi-supervised learning techniques have not been well explored in the remote
sensing and GIS domains. Only notable study is reported in [47] for hyperspectral
data analysis. Objectives of this study are to understand the effectiveness of semi-
supervised learning with unlabeled samples for multi-spectral remote sensing image
classification. In text data mining, often it is assumed that the features (words) are
independent [45], which leads to simpler statistical models. Often features (spectral
bands) in remote sensing imagery are highly correlated, which leads to the assumption
of multivariate normal distributions with general covariance matrices. This assumption
increases the number of parameters to be estimated. In this paper we provide a semi-
supervised learning method based on expectation maximization (EM) algorithm. As
features are highly correlated, we use a Gaussian mixture model (GMM) for describing
the training samples and use exploit formulas for estimating all model parameters. We
have conducted several experiments to evaluate the usefulness of this method in thematic

information extraction from multispectral remote sensing imagery.
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3.2 Statistical classification framework

In this section we present a general statistical framework for classification of multi-
spectral remote sensing image data. Each pixel in a remotely sensed image can be
thought of as a feature vector (z) and as an instance of a continuous random variable.
A continuous random variable is described by a probability density function (p(-)). In
the classification of a remote sensing image, our objective is to assign a class label (y) to
each pixel (z) based on a certain decision criterion. Maximum likelihood classification
(MLC) and maximum a posteriori (MAP) classification are two of the most widely used
classifiers in remote sensing. Bayesian decision theory plays a central role in statistical

pattern classification. MLC and MAP are based on Bayesian decision theory.

3.2.1 Bayesian Classification

In the Bayesian approach, the objective is to find the most probable set of class labels
given the data (feature) vector and a priori or prior probabilities for each class. Formally,

we can state Bayes’ formula as:

p(lyi) P(y:)
p(x)
Bayes’ formula allows us to compute the posterior probability (P(y;|z)) provided

P(yilz) = (3.1)

that we know the class conditional probability density (p(z|y;)) and the a priori prob-
ability distribution (P(y;)). The term p(z) is often called the evidence factor, that is,

the probability of finding a feature vector x from any of M classes and is given by:

M

p(x) =Y plely:) P(y:) (3.2)

j=1
The evidence p(x) acts as a scale factor that guarantees that the posterior probabil-
ities sum to one; it has no consequence on the decision rule and is thus often omitted
from the decision rule. For a two class (y1,y2) problem, the Bayes’ decision rule is given
by:
decide y; if P(y1]x) > P(y2|z); otherwise decide ys.
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3.2.2 Maximum likelihood and maximum a posteriori classification

The outcome of a Bayesian decision rule is determined by the class conditional densities
p(z|y;) as well as the a priori probabilities P(y;). For p(x|y;), if we assume a multivariate

normal or Gaussian density, then p(x|y;) is given by

) = ! (o) 5i] (o)
p(zlyi) = (277)—Nyz,-\e 2 (3.3)
where p; and |X;| are the mean vector and covariance matrix of the data for any
given class y;. The p(x|y;) is also called the likelihood of y; with respect to x. If we have
no knowledge about the prior distributions P(y;), then we can assume that all classes
are equally probable, that is, P(y1) = P(y2) = ... = P(yam). As a consequence, we can
further drop a priori term P(y;) in the computation of the discriminant function g;(x);

the resulting classifier is known as the maximum likelihood classifier (MLC) and the

discriminant function is give by

gi(z) = —In || — (z — po)" 15| (@ — i) (3.4)

On the other hand, if we have knowledge about the prior distributions P(y;), then the
resulting classifier is known as the maximum a posterior (MAP), and the discriminant
function is given by:

1 —1 iy —1
gi(z) = In Py;) — 5 |2 = —=( — )" [%i] 7 (2 — i) (3.5)

The covariance matrix X plays a key role in discriminant analysis. Covariance ac-
counts for the shape (size and orientation) of classes in the feature space. The effec-
tiveness of ML/MAP classification depends on the quality of the estimated parameter
vector © (e.g., mean vector p and the covariance matrix X for each class) from the

training samples.

3.2.3 Parameter estimation

In section B2ZZ2 we assumed that the form of class conditional density p(z|y;) was multi-
variate normal. This assumption reduces the difficult problem of estimating an unknown

density function p(z|y;) into a simpler parameter (©) estimation problem. Here we use
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a well-known parameter estimation technique, maximum likelihood estimation (MLE),
to obtain the parameter vector © from the training samples.

Given an M-class problem, let us assume that we have M number of training sample
datasets, each organized by a class, D1, ..., Dy, where samples in D; have been drawn
independently according to a multivariate normal density function p(z|y;). Let us de-
note the corresponding parameter vector as ¢;. The dependence of p(x|y;) on parameter
vector §; is denoted explicitly by p(x|y;,0;) (or sometimes by p(x|y;;60;)). Such samples
are known as independent and identically distributed (i.i.d) random variables. That is,
the data from one class do not affect the parameter estimation of the other classes. As
a result, we can further simplify our notation for class conditional density as p(D|f) (or
p(D;8)). First, let us assume that D contains n random samples, z1,...,xy, drawn

independently from the pdf p(x|f). Then p(D|#) is given by,

p(DI0) = [] p(=xl0). (3.6)
k=1

The p(D|) in Equation B, which is a function of 0, is also known as the likelihood
function of § with respect to the data D (set of training samples for a given class). The
likelihood function is often represented by the symbol {(f) or by I(8|D). The MLE of 6

is the parameter (#) that maximizes the likelihood function p(D|6), and is given by

0= argm;LXkl;[lp(ka). (3.7)

From standard differential calculus we know that the necessary condition for 6 to
be maximum is that the gradient of the likelihood function with respect to 6 should be

zero, that is,

O [Tr=1 p(x|0)
00

Often it is mathematically simpler to deal with the log-likelihood function, [(0) =

= 0. (3.8)

In p(D|#). Since the In function is monotonically increasing, the parameter 6 that maxi-

mizes the likelihood function also maximizes the log-likelihood function. Solving Equation
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for a multivariate normal distribution yields parameters 4 and X such that

p==S (3.9)

and

5= -3 s — i)' (3.10)

3.2.4 MLC Performance With Small Training Samples

The ML estimates have three very desirable properties. First, they are asymptotically
unbiased, that is, they converge in the mean to the true values; second, they are asymp-
totically consistent, that is, the estimates converge in probability; and third, the pdf
of an ML estimate approaches the Gaussian distribution as n — oo. Unfortunately,
all these desired properties are valid for a large number of training samples. Let us
now evaluate maximum likelihood classifier with small number of training samples.
Figure B4 shows the the performance of the ML.C as the number of training samples
increases. Two trends can be seen from this graph: first as the number of labeled sam-
ples increases the overall performance of MLC also increases, second, as the number of
samples increases the variance in the performance decreases. As mentioned previously,
maximum likelihood estimates required large number of training samples. When the
training samples are very few, the estimates are quite different than the estimates ob-
tained from full training dataset. This is reflected in the classification accuracy. Further

details about this experiment can be found in the experiments section.

3.3 Semi-supervised learning approach

In the previous section, for simplicity we treated parameter estimation for each class (of
M-classes) separately based on M-training datasets. However, in this section we treat
all class samples together, by assuming that a given sample comes from a finite mix-
ture of distributions. Both of these examples were shown for univariate and bivariate
Gaussian distributions in Figures Bl and respectively. These distributions were es-
timated using training (labeled) dataset described in the experiments section. The id 0

represents the GMM fit from the individual components. From the Figure it should
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be clear that the covariance matrix 3 plays an important role (size and shape of the
ellipse) in describing the class conditional distributions and discriminant boundaries.
Feature independence assumptions (as in text data mining [43]) leads rectangular (or
parallelepipeds in multidimensional feature space) approximations which results inac-

curate predictions.

GMM Plot
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Figure 3.1: Gaussian mixture model (GMM) generated from the training dataset using
single feature (spectral band number 4)

We reformulate the likelihood estimation for finite mixture models and describe a
parameter estimation technique that is based on expectation maximization algorithm
and that also utilizes unlabeled training samples. First let us assume that each sample
xj comes from a super-population D, which is a mixture of a finite number (M) of
populations Dy, ..., Djs in some proportions aq, . .., aj, respectively, where Zf\i L0 =
landa; > 0(i = 1,...,M). Compared to our discussion in Section BZZT], we can think of
a; as P(y;). Now we can model the data D = {x;}]" ; as being generated independently

from the following mixture density.

M
p(xi]©) = > ayp;(wil6)) (3.11)
j=1

Here p;(x;]0;) is the pdf corresponding to the mixture j and parameterized by 6;,
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Bivariate Normal Density Plot
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Figure 3.2: Bivariate distribution from the same training dataset using bands 4 and 5.

and © = (aq,...,0,01,...,05) denotes all unknown parameters associated with the
M-component mixture density. For a multivariate normal distribution, 6; consists of
elements of the mean vectors p; and the distinct components of the covariance matrix

¥;. The log-likelihood function for this mixture density can be defined as:

n M
L(©)=> In|> a;p;(zilf;)| . (3.12)
i=1 j=1

In general, Equation is difficult to optimize because it contains the In of a
sum term. However, this equation greatly simplifies in the presence of unobserved (or
incomplete) samples. Let us now pose X as an incomplete dataset, and assume that we
have unobserved data Y = y;?'_; such that y; tells us which component density generated
each z;. Assuming that we know the values of Y, the log-likelihood in Equation

can be simplified as:

n n

L(©) = n(P(X,Y)|0)) = > In(P(xilyi) P(y)) = > In(ay,py(wilfy,)).  (3.13)
i—1 i=1
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However, in many supervised learning situations, the class labels (y;)’s are not avail-
able. However, assuming the the initial parameters ©* can be guessed (as in clustering),
or can be estimated (as in semi-supervised learning), we can easily compute pj(xi\eé‘?)

in eq. BIIl Now, using Bayes’ rule, we can compute

k a]?jipyi(xi|0§i) O‘Zipyi ($Z|9§l)
p(yilzi, ©F) = (2| ©F M & k (3.14)
P\ZTi Ej:l O‘jpj(xiw]')

So, the expectation maximization (EM) algorithm at the first step maximizes the

expectation of the log-likelihood function, using the current estimate of the parameters
and conditioned upon the observed samples. In the second step of the EM algorithm,
called maximization, the new estimates of the parameters are computed. The EM
algorithm iterates over these two steps until the convergence is reached. These two

steps are formalized below:

E-step: At the it" step of the iteration, where ©(~1) is available, compute the expected

value of

QO,0D) = [lnp(X, Y|0)|X, e<’f-1>] . (3.15)

This step is called the expectation step. In the function Q(O, @(k_l)), the first
argument O corresponds to the parameters that needs to be optimized by max-
imizing the log-likelihood, and the second argument ©*~1) corresponds to the

current estimate of the parameters that we used to evaluate the expectation.

M-step: Compute the new estimates of © by maximizing the Q(©,0%*~1), that is,
find:

o) = arg max Q(O,0k ), (3.16)
This second step is called the mazimization step.
These two steps are repeated until convergence is reached. The log-likelihood function

is guaranteed to increase until a maximum (local or global or saddle point) is reached.

For multivariate normal distribution, the expectation E[.] (in Equation BI6), which is
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denoted by p;;, is the probability that Gaussian mixture j generated the data point i,
and is given by:
T2 A S i)}

Dij = — - (3.17)
’ V2 - S i) }

The new estimates (at the k™" iteration) of parameters in terms of the old parameters

at the M-step are given by the following equations:
k1
Oéj = — Zpij (3.18)

ok Qi1 TiDij (3.19)

ok _ i Pij (i - i) (i — i)t
! > ie1Dij

More detailed derivation of these equations can be found in [8]. The semi-

(3.20)

supervised algorithm for classification of remotely sensed imagery based on the EM

algorithm just described above is given in Table B4l

3.4 Experimental Results

The Cloquet study site encompasses Carlton County, Minnesota, which is approxi-
mately 20 miles southwest of Duluth, Minnesota. The region is predominantly forested,
composed mostly of upland hardwoods and lowland conifers. There is a scattering of
agriculture throughout. The topography is relatively flat, with the exception of the east-
ern portion of the county containing the St. Louis River. Wetlands, both forested and
non-forested, are common throughout the area. The largest city in the area is Cloquet,
a town of about 10,000. We used a spring Landsat 7 scene, taken May 31, 2000. We
designed four different experiments to understand the size and quality of initial labeled
samples on the performance of semi-supervised learning, and the impact of unlabeled

samples generated from random sampling and informed sampling methods. For all these
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Inputs: Training dataset D = D;U D,,;, where D; consists of labeled
samples and D,; contains unlabeled samples.

Initial Estimates: Build initial classifier (MLC or MAP) from the
labeled training samples, D;. Estimate initial parameter using MLE,
to find § (see Equations and BI0)

Loop: While the complete data log-likelihood improves (see Equation
B.T15):

E-step: Use current classifier to estimate the class member-
ship of each unlabeled sample, that is, the probability that each Gaus-
sian mixture component generated the given sample point, p;; (see
Equation BIT).

M-step: Re-estimate the parameter, é, given the estimated
Gaussian mixture component membership of each unlabeled sample
(see Equations B8 B9, B20)

Output: A MLC or MAP classifier that takes the given sample
(feature vector) and predicts a label.

Table 3.1: Semi-supervised Learning Algorithm

experiments the test dataset was fixed and consisted of 168 plots. Initial labeled and
unlabeled samples were varied as explained in each experiment. Each plot, whether it
was for training or testing, was a 3 x 3 window, that is, each plot contributed exactly 9

feature vectors centered on the plot location (x,y) coordinates.

The experimental setup was shown in Figure Detailed experimental results are
provided as tables in the Appendix. In these tables, ‘EM(X)’ field , where X = 0|1,
stand for the weights assigned to the labeled samples. The ‘Best’ field stands for the
best accuracy obtained by either of EM(0) or EM(1). Positive difference indicates how
best semi-supervised algorithm performed over conventional Bayesian classifier (MLC)
using only labeled samples. Likewise, negative difference indicate lower performance of
semi-supervised learning over BC. For discussion purposes we summarized key results
as graphs for easy understanding.

Ezxperiment 1. The objective of this experiment was to understand the effect of initial
labeled sample quality on semi-supervised learning. The labeled dataset consists of 5

disjoint subsets, each subset consisting of 20 plots at 2 plots per class. We have a fixed
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unlabeled training dataset consisting of 85 plots. The results are summarized in Ta-

ble

Ezperiment 2. The objective of this experiment was to understand the impact of the
number of initial labeled samples for a fixed set of unlabeled samples on the quality of
semi-supervised learning. We combined 2 sets of labeled samples at a time from the
previous experiment to form °Cy = 10 labeled datasets, each consisting of 20 4 20 =
40 plots. Experimental results for the same fixed unlabeled training dataset as in
experiment 1 are summarized in Table

Next, from 10 datasets in the above experiment we formed 3 different datasets by
combining 3 at a time. After elimination of duplicate plots, each of these 3 datasets

contains a total of 70 labeled sample plots. The results are summarized in Table B4l

Ezperiment 3. The objective of this experiment was to understand the quality and
quantity of unlabeled training samples and their impact on overall performance of semi-
supervised learning. For this experiment we devised two sampling schemes, simple
random sampling, and informed sampling. For the simple random sampling, we gen-
erated 10 datasets, each consisting of multiples of 100 sample plots. No labels were
available for these plots. For labeled sample plots we chose two datasets (best [B20]
and worst [W20] in terms of accuracy) from the first experiment (see Table B2). The

results are summarized in Table

Ezxperiment 4. From this table it can be seen that random sampling is not good for
generating unlabeled training samples. A closer look at the individual class accuracies
reveals two main problems. First problem is that the random sampling did not generate
sufficient labels for each class; in fact there are very few or no samples at all for smaller
(area) classes. The second problem is that some of the samples are not representative
of the original labeled samples. These problems led us to believe that the unlabeled
samples should be chosen in an informed (or constrained) way. There are several ways
to do this. One way is to use some background information such as existing thematic
maps from geographical information systems, for example, old land-use land-cover maps,

ecological zone maps, or population density maps to manually choose these training plots
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(no labels though). A more automated way is to predict a rough thematic class map
from the classifier trained on initial labeled samples, and then generate random samples
guided by these rough predicted classes. Please note that we are only identifying the
plot locations and not assigning any labels to them.

We call this second approach as informed sampling and used it to generate about
300 unlabeled sample plots. These plots were then randomly divided into 4 partitions.
The first subset consists of 5 independent training sets, each consisting of 30 plots;
second subset consists of 5 training datasets, each consisting of 60 unlabeled plots.
Third experiment consists of 3 training datasets, each consisting of 110 unlabeled plots
and finally the fourth experiment consists of 2 training datasets each consisting of 170
unlabeled plots. For labeled training we used the same two datasets that were used in
experiment 3. For each of these labeled training datasets, semi-supervised learning was
carried out against each of the unlabeled training datasets from the above 4 partitions

and the results are summarized in Tables and B4

3.4.1 Discussion

From the first experiment it is clear that maximum likelihood estimates suffer in both
quantity and quality of labeled training samples. The plot in Figure B4l shows that as
the number of training (labeled) samples increases, the conventional maximum likeli-
hood estimates gets better and hence the classification performance of the Maximum
likelihood classifier (BC) also improves. It is also interesting to note that the difference
between best and worst accuracies gets reduced as the number of samples increase. This
is because the noise averages out as the number of samples increases.

The second experiment shows that as the number of labeled samples increases the
usefulness of unlabeled samples diminishes (see Figure BH). Thus the main benefit of
semi-supervised learning occurs when there is only a small number of labeled samples
available for training.

In next two experiments we explore the impact of the number unlabeled training
samples and how they are generated. Figure Bf(a) and (b) provides the comparison of
randomly generated unlabeled training plots against best and worst cases (labeled train-
ing data) taken from the experiment 1. On the other hand Figure B a) and (b) shows

the results against unlabeled training plots generated by informed sampling. From these
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two experiments it is clear that accuracy increases as the number of unlabeled train-
ing samples increase, however pure random samples might degrade performance quite
considerably. The main problem we noticed is that random sampling did not generate
enough samples for small (geographic area) classes, as a result the corresponding co-
variance matrices are becoming singular or close to singular, and the mixing coefficients
«; are close to zero. On the other hand equal (or in proportion to class area) num-
ber of samples were generated for each class. It can be seen from the figure that the
semi-supervised learning using informed sampling generated unlabeled training plots

performed consistently well.

3.5 Conclusions

In this chapter we presented a basic semi-supervised learning algorithm. The semi-
supervised method presented here uses the classical EM algorithm to augment unlabeled
samples to improve initial estimates generated using a small set of training samples.
Except for pure randomly generated unlabeled training samples, the semi-supervised
learning showed an improved performance in many of the experiments. The overall
accuracies varied between —8.67% and +27.07%, and on an average the semi-supervised
learning method showed an improvement of 8% in overall accuracy. Given the fact that
this is a multi-class (10 classes) classification problem, the accuracies are higher than
one would expect from coarse multi-spectral resolution images. This method is very
useful in remote sensing data mining, as collection of sufficient training samples for
supervised learning is often very difficult and costly. However, the results were not
consistent. Basic semi-supervised approach is error prone, especially in the presence
of unlabeled training samples from additional classes which were not defined in the
labeled training data. Though informed sampling minimized picking up samples from
the additional classes, the procedure is still ad hoc. In the next chapter we present a

novel semi-supervised algorithm which overcomes this basic limitation.

3.6 Appendix

In this section we provide detailed experimental results.
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BC CI CI BC-EM CI CI BC-EM CI CI Best Difference
(20L) (0) (20L (1) (20L

+85UL) +85UL)
47.42 | 44.87 | 49.97 | 45.24 42.7 47.78 | 50.2 47.65 | 52.75 | 50.26 | +2.84
57.28 | 54.75 | 59.8 58.33 55.82 | 60.85 | 57.74 55.22 | 60.26 | 58.33 | +1.05
45.04 | 42.5 47.58 | 56.94 54.42 | 59.47 | 46.16 43.62 | 48.71 | 56.94 | +11.9
40.15 | 37.64 | 42.65 | 68.12 65.74 | 70.5 55.82 53.28 | 58.36 | 68.12 | +27.97
65.08 | 62.64 | 67.52 | 63.62 61.17 | 66.08 | 61.24 58.75 | 63.73 | 63.62 | -1.46

Table 3.2: Performance of semi-supervised learning method against small set (20) of
labeled training plots and fixed unlabeled plots

BC | CI CI BC-EM | CI CI BC-EM | CI CI Best | Difference
(40L) (0) (40L (1) (40L

+85UL) +85UL)
65.48 | 63.05 | 67.91 | 66.01 6358 | 68.43 | 68.10 65.81 | 70.57 | 68.19 | +2.71
52.31 | 49.76 | 54.87 | 59.46 56.95 | 61.97 | 57.8 55.28 | 60.33 | 59.46 | +7.15
55.82 | 53.28 | 58.36 | 61.57 59.09 | 64.06 | 68.25 65.87 | 70.63 | 68.25 | +12.43
69.71 | 67.36 | 72.06 | 63.43 60.97 | 65.89 | 64.15 61.7 | 66.6 | 64.15 | -5.56
58.86 | 56.35 | 61.38 | 63.82 61.37 | 66.28 | 48.04 46.39 | 51.49 | 63.82 | +4.96
55.75 | 53.22 | 58.29 | 60.58 58.00 | 63.08 | 57.47 54.95 | 60 60.58 | +4.83
71.83 | 69.52 | 74.13 | 58.02 55.68 | 60.72 | 63.16 60.7 | 65.63 | 63.16 | -8.67
55.03 | 52.49 | 57.57 | 66.8 64.39 | 69.21 | 59.66 57.15 | 62.16 | 66.8 | +11.77
66.87 | 64.46 | 69.27 | 62.57 60.09 | 65.04 | 54.83 52.20 | 57.37 | 62.57 | -4.3
66.87 | 64.46 | 69.27 | 56.81 54.28 | 59.34 | 66.2 6379 | 68.62 | 66.2 | -0.67

Table 3.3: Performance of semi-supervised learning method against increased number
(40) of labeled training plots

BC CI CI BC-EM CI CI BC-EM CI CI Best Difference
(70L) (0) (70L (1) (70L

+85UL) +85UL)
72.42 | 70.13 | T4.71 | 64.55 62.11 | 66.99 | 61.64 59.64 | 64.12 | 64.55 | -7.87
70.11 | 67.77 | 72.45 | 59.52 57.02 | 62.03 | 63.03 60.56 | 65.5 63.03 | -7.08
74.14 | 71.9 76.38 | 59.79 57.28 | 62.29 | 65.67 63.25 | 68.1 65.67 | -8.47

Table 3.4: Performance of semi-supervised learning method against increased number
(70) of labeled training plots

Unlabeled | BC-EM | BC-EM
(W20) | (B20)
100 46.76 62.96
200 44,44 49.34
300 49.01 61.77
400 45.11 59.59
500 5417 12.33

Table 3.5: Performance of semi-supervised learning method against fixed labeled (20)
and varying unlabeled labeled training plots (random sampling). B20 stands for the
labeled dataset for which semi-supervised performed best (highest positive accuracy) in
experiment 1. Likewise W20 stands for that labeled dataset for which semi-supervised
accuracy is least amongst five labeled datasets.
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BC (MLC) Performance Using Maximum Likelihood Estimates
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Figure 3.4: Performance of ML (Bayesian) classifier as the number of training samples
increase.
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Figure 3.5: Performance of semi-supervised learning as the number of labeled samples
increases.
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Unlabeled | BC-EM(0) | CI CI BC-EM(1) | CI CT Best
30 | 31.88 29.50 | 34.26 | 47.49 44.94 | 50.04 | 47.49
35.12 32.68 | 37.56 | 46.43 1388 | 48.08 | 46.43
15.04 4250 | 47.68 | 44.78 1224 | 47.31 | 45.04
13.32 40.79 | 45.85 | 53.70 51.16 | 56.25 | 53.70
37.76 3529 | 40.24 | 51.39 1881 | 53.04 | 51.39

60 | 54.23 51.69 | 56.78 | 49.54 16.98 | 52.09 | 54.23
61.88 62.44 | 67.32 | 46.69 1115 | 49.24 | 64.88
61.57 59.09 | 64.06 | 53.77 5122 | 56.32 | 61.57
68.98 66.62 | 71.35 | 49.34 16.79 | 51.89 | 68.98
65.34 62.91 | 67.78 | 58.80 56.28 | 61.31 | 65.34
110 | 77.38 75.24 | 79.52 | 62.76 60.29 | 65.23 | 77.38
72.55 70.27 | 74.84 | 56.08 53.55 | 58.62 | 72.55
75.79 73.60 | 77.99 | 58.00 55.48 | 60.52 | 75.79
170 | 66.73 64.32 | 69.14 | 55.56 53.02 | 58.00 | 66.73
68.39 66.01 | 70.76 | 55.59 53.42 | 58.49 | 68.39

39

Table 3.6: Performance of semi-supervised learning method for W20 labeled dataset
against varying number of unlabeled training plots (informed sampling)

Unlabeled | BC-EM(0) | CI CI BC-EM(1) | CI CI Best
30 | 44.91 42.37 | 47.45 | 67.46 65.07 | 69.86 | 67.46
12.46 39.04 | 44.98 | 58.13 55.62 | 60.65 | 58.13
11.05 AT.51 | 46.58 | 68.12 65.74 | 70.50 | 68.12
33.33 30.29 | 35.74 | 66.80 61.39 | 69.21 | 66.80
51.65 49.10 | 54.21 | 59.66 57.15 | 62.16 | 59.66

60 | 54.23 51.69 | 56.78 | 65.87 63.45 | 68.30 | 65.87
671.88 62.44 | 67.32 | 70.04 67.70 | 72.38 | 70.04
61.57 59.09 | 64.06 | 64.95 62.51 | 67.39 | 64.95
68.98 66.62 | 71.35 | 60.58 58.00 | 63.08 | 68.98
65.34 62.91 | 67.78 | 64.75 62.31 | 67.19 | 65.34
110 | 69.44 67.09 | 71.80 | 71.00 69.05 | 73.67 | 71.00
65.67 63.25 | 68.10 | 60.25 57.75 | 62.75 | 65.67
72.75 70.47 | 75.03 | 67.92 6554 | 70.31 | 72.75
170 | 70.77 68.44 | 73.09 | 72.55 70.27 | 74.84 | 72.55
71.96 69.66 | 74.25 | 62.04 59.56 | 64.52 | 71.96

Table 3.7: Performance of semi-supervised learning method for B20 labeled dataset
against varying number of unlabeled training plots (informed sampling)



Chapter 4

Adaptive Semi-supervised

Learning

4.1 Introduction

In the previous chapter we presented the basic semi-supervised learning algorithm, where
we used unlabeled samples in conjunction with few labeled samples for the purpose of
improving the parameter estimates. Semi-supervised approaches are becoming popular
for several reasons. First, several previous studies have shown the positive value of
adding unlabeled data into the supervised classification. However, the experimental re-
sults presented in previous chapter shows several limitations of the basic semi-supervised
algorithm. Especially we found several instances where adding unlabeled data actually
resulted in degradation of classification performance. Several instances can also be found
in the literature where addition of unlabeled samples have degraded the classifier per-
formance [47, 49, @5]. Though these studies showed the usefulness of unlabeled samples
in improving classification of remote sensing images, these authors also noted several
instances where actually the classification performance has degraded. Most notable
theoretical study to understand the impact of unlabeled samples can be found in [50)].
The basic assumption made in semi-supervised learning algorithms is the labeled and
unlabeled samples were generated by the same statistical model (for example, Gaussian
Mixture Model). When this assumption is correct, the authors in [A7] observed that

the covariance matrix estimated with labeled and unlabeled data is smaller than the

40
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covariance estimated from the labeled samples alone. Therefore, it can be expected that
classification error can be reduced by adding unlabeled samples. More formal analysis
of classification performance when the models are incorrect can be found in [B0]. Let

us now modify the semi-supervised learning problem formulation.

4.1.1 Adaptive Semi-supervised Learning: Problem Formulation
Let us now formalize the adaptive semi-supervised learning method.
Given:
A spatial framework S consisting of sites s;; ordered as an [ x p matrix, where [ is

the number of lines and p is the number of pixels, and {1 <@ <[,1 < j < p}.

A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels

Training Dataset D = D; U D,;, where D; contains labeled training plots and

D,; contains unlabeled training plots.

A parametric model (e.g., Gaussian).
Find:

Estimate parameter vector O (e.g., {u;, Xi}).
Objective:

Maximize complete data log-likelihood L(©).
Assumptions:

A1 The size of the labeled training dataset is less than 10 to 30 times the number
of dimensions

A2 Thematic classes are separable

A3 Classes are unimodal
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A4 Feature vectors are independent and identically distributed (i.i.d), but fea-

tures are highly correlated in feature space (that is features are not indepen-
dent).

A5 D; and D, samples are generated by GM M; and GM M,,.

The assumption that labeled and unlabeled samples are generated by the same model
may hold in certain domains, such as, text classification, however, this assumption is
not true in almost all cases in the classification of remote sensing images. Simple reason
being that the land use and land cover classification is domain specific. We found that
in almost all cases, classification studies differ in the number classes. Literature survey
shows that, same image has been used to extract different number of classes by different
people. In general we observed that the image contains lot many classes than the analyst
interested in. Therefore, at the minimum the statistical distribution models (say, GMM)
of labeled samples and unlabeled samples differ in the number of components. Informed
sampling presented in previous chapter tries to overcome this problem by reducing the
chances of picking of samples from unknown components. However, that was only an ad
hoc solution. Though the work in [A7] alluded to this problem, no solution was provided.
Therefore we relaxed the assumption (A5) in semi-supervised learning to account for
the differences in the number of components in D; and D,,. In this chapter we present
a novel semi-supervised algorithm to solve the cases where the labeled and unlabeled

models differ in the number of components.

X y
C1 50.00 40.00
C2 80.00 50.00
C3 60.00 40.00

Table 4.1: Simulation Parameters (Mean)

C1 C2 C3
X y X y X y
x 60.00 50.00 | 60.00 40.00 | 8.00 -3.00
y 50.00 70.00 | 40.00 90.00 | -3.00 15.00

Table 4.2: Simulation Parameters (Covariance)
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X y
Cl 49.35 39.20
C2 7450 4291

Table 4.3: Estimated Parameters (Mean)

C1 C2
X y bie y
x 49.20 36.32 | 84.33  69.04
y 36.32 54.06 | 69.04 141.02

Table 4.4: Estimated Parameters (Covariance)

4.1.2 TIllustrative Example

First we illustrate the problem just described above with an example. We generated
a Gaussian mixture model with three components, using the parameters listed in the
Table EETl and Figure X1l (a) shows the probability distribution of the model, solid
ellipses represent original distribution and dotted ellipses represent the Gaussians com-
puted from small samples generated from the original distribution (5 samples per class).
Figure LTl (b) shows the parameters estimated using the semi-supervised learning by
using unlabeled samples (150 per class) from all three classes (components). Figure ET]
(c) shows the parameter estimated using the semi-supervised learning using same unla-
beled samples however the for labeled samples we used only first two components (C1
and C2). From this figure we see that the mean of class 1 (black color) is shifted towards
class 3 (green color).

We repeated the same experiment by changing the position of class 3 (that is centroid
of the class), shape (covariance) of the class. Results were shown in Figure In case
2 (Figure EZ(a)), we shifted the centroid to [60,30] from its original location [60,40],
however kept the same size and shape (that is, no change is covariance matrix) of the
class. This change in position of class 3 has resulted in the shift of mean of both class 1
and class 2. In case 3 (Figure E2(b)) we changed both centroid and covariance matrix.
We used the following new parameters: mean [70, 35] and covariance [60, 40; 40, 90].
In this case, both the mean and covariance matrix of class 2 are significantly impacted.
In a nutshell, this experiment shows that when labeled and unlabeled samples differ in

the number of components, then the unlabeled samples influence the parameters of the
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new model (both mean and covariance). This significantly impacts the classification
performance, typically negatively, for two reasons. Deviation of centroids from their
original positions may lead to increase in the overlap between different classes. Likewise
increase in the variance of classes also leads to the increase in the overlap among the
class distributions. We will show later that this increase in overlap between the class
distributions leads to increase in the probability of error. The estimated parameters
(case 3) are summarized in the Table and Table {41

4.2 Adaptive Semi-supervised Learning Algorithm

As seen in the previous example, presence of unlabeled samples from additional classes,
leads to inconsistent estimation of parameters. Therefore simply combining both labeled
and unlabeled samples and applying semi-supervised learning is clearly not a good idea.
This observation has led us to develop a new semi-supervised which adaptively identifies
additional components and eliminates the unlabeled samples from these components.
The basic algorithm is shown in Figure

We now explain each step.

1. We start with two data sets: labeled (D;) and unlabeled (D,,)

2. We assume that both D; and D, are generated by Gaussian mixture models
(GMM).

3. However, we assume that GMMs differ in the number of components, that is,
lk # uk. Therefore, we can’t simply pool samples from both data sets and apply

regular semi-supervised learning

4. Using maximum likelihood estimation (MLE) technique, we estimate the param-
eters of GM My, using D;. We use expectation maximization (EM) algorithm to

estimate the parameters of GM M.

5. Output of MLE is Oy, = {u, ¥}{* and the out of EM is ©,;, = {m, u, X}4*. The
MLE is used to estimate parameters of each class and EM is used estimate pa-

rameters of each cluster.
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6. The objective of matching step is to find class and cluster pairs that meets certain
statistical hypothesis testing criteria. There are several options available for this

step. We chose multivariate student 72 test, which we will explain little later.

7. We chose all the samples from the class and cluster pairs which passed the match-

ing criteria. These samples are pooled together to form the training data set
D ={D;,D,}.

8. We apply semi-supervised algorithm based on EM (see algorithm presented in

previous chapter).

9. Final output of adaptive semi-supervised algorithm is the parameter vector © =
{m, u, T}

4.2.1 Matching

. One of the important step in the adaptive semi-supervised learning algorithm is the
matching between the classes (labeled data) and clusters (unlabeled data), in order to see
if there are any mixture components (i.e., clusters) for whose there is no corresponding
class definitions (labeled samples) exists. This is very typical in the classification of
remote sensing images. As the image contains lot many classes than a particular domain
user is interested in. For supervised learning, the training samples were carefully chosen
by the analyst, keeping in mind the classes he is interested in. However, unlabeled
samples are generated by simple random sampling or some kind of stratified random
sampling. As a result one can expect to find lot of unlabeled samples which don’t have
representative classes in the labeled training data set. Our objective is to find those
clusters for which there are no corresponding classes in the (labeled) training data set.
We pose matching as a statistical significance testing, where we are interested in finding
if two process (class and cluster) have the same mean?

Let us assume that two random samples, one from class (Y7,...,Yy), and the other
from cluster (Z1,...,Zy), are generated by independent processes. Then we can pose
the null hypothesis to test the true mean of the first process py against the true mean

of the second process pz, as following:

Hy:py = pz (4.1)
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Assuming that the standard deviations (covariances in multivariate case) are same

for both processes, we can now write the test statistic as following:

By — pz (4.2)
1 1
SV TNz

Here s is the pooled standard deviation given by:

t =

o ¢ (Vy —1))o3 + (N7 ~ 1))o3 43)

Ny — (N7 -1

with degrees of freedom v = Ny + Nz — 2.

Testing for Null hypothesis is done by computing ¢ statistic using the formulae
and then perform significance testing at a given level a. Typical values of a are 0.01,
0.05 and 0.10. Null hypothesis is rejected if [t| > t, /9.,

Possible scenarios as result of matching each cluster against a given class (one at a

time) are following:

C’lassi(nomatch)Cluster;‘k No unlabeled samples for a class. This may happen where

spatial distribution of a class is sparse (e.g, water bodies, linear networks), there-
fore random sampling may not generate samples from a class. In those cases, an
analyst may need to pickup samples manually or with appropriate stratification

of image.

C’lassi(match)C’luster}‘k In this case more than one cluster may match a given class.
This might happen in cases where matched cluster are highly overlapping, or too

many small clusters.

Classék(nomatch)Clusterj A cluster may not match any class. This is the typical
case in remote sensing image classification. We eliminate these clusters. Better
approach could be to revisit the class definitions to see if a new class can be added

the training data.

Classﬁk(match)Clusterj A cluster may match more than one class. Typically this
should not happen if the classes are well defined. This may be a useful case

where the classes are highly overlapping.
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Class;(match)Cluster; A cluster uniquely matches a class.

Classes sl.m sl.a s2.m s2.a s3.m s3.a
1| 56.04 4831 83.57 69.57 86.96 54.59
2| 7821 65.36 74.95 65.36 52.72  65.14
3| 43.30 80.84 51.34 77.39 68.58  59.39
4| 84.19 94.02 85.04 8590 75.64 91.03
5 | 100.00 91.11 100.00 100.00 100.00 100.00
6 6.50 28.38 10.26  35.56 3.59  23.59
71 53.70 90.74 90.74 100.00 68.52 90.74

O. Acc | 48.62 5892 5442 6255 47.75  54.85

Table 4.5: MCL vs Adaptive SSL (data sets 1-3)

Classes | s4.m  sd.a sb.m sb.a s6.m  sb6.a
1]85.02 80.68 79.23 7585 76.81 56.04
2| 67.10 80.17 79.74 79.96 86.27 92.59
3| 52.11 84.67 33.72 72.03 52.11 92.34
41 86.75 92.74 75.64 92.74 83.76 86.32
51 97.78 95.56 100.00 100.00 100.00 97.78
6| 84.44 6581 83.08 61.03 11.11 36.24
716111 9259 79.63 96.30 66.67 96.30
O. Acc | 75.56 78.64 7420 74.96 55.99 70.03

Table 4.6: MCL vs Adaptive SSL (data sets 4-6)

4.3 Experiments

We applied the adaptive semi-supervised learning algorithm on the Carlton County data
set described in the previous chapters. Labeled data set consisted of two plots per class.
We collected five hundred unlabeled training samples through the random sampling.
Results are summarized in Tables E7D Overall accuracy of adaptive semi-supervised
learning against maximum likelihood classification is summarized in the form of bar plots

shown in Figure E4l Adaptive semi-supervised learning algorithm provided consistently
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Classes s7.m s7.a s8m  s8.a s9.m s9.a s10.m s10.a
1| 88.89 88.41 9227 86.47 82.13 84.54 90.82 71.50
2| 50.76 65.14 32.68 3595 77.34 76.03 76.25 93.68
3| 9234 9272 7893 94.64 50.96 72.03 46.74  84.29
4| 60.68 41.45 4274 57.69 57.69 4231 44.44 58.55
51 100.00 100.00 93.33 95.56 100.00 100.00 100.00 100.00
6| 40.00 46.50 84.44 T71.62 88.89 81.03 50.94  44.10
71 8333 9630 83.33 96.30 7222 9444 79.63 96.30
O. Acc | 60.92 64.50 66.56 67.21  75.72 74.85 62.33  69.92

Table 4.7: MCL vs Adaptive SSL (data sets 7-10)

better results than MLC. We observed slightly lower overall accuracy (-0.87%) on only
data set. The best overall accuracy is 14% improvement over the ML classifier. Our
main observation is that adaptive semi-supervied learning avoids convergence to wrong
parameters (which causes shift in means and increase in covariance) by eliminating

impact of unlabeled samples from additional components (clusters).

4.4 Conclusions

In this chapter we addressed an important limitation of the expectation maximization
based semi-supervised learning algorithms. Semi-supervised algorithms assume that
both labeled and unlabeled are generated by the same model. However, in practice
we observed that the labeled and unlabeled models differ in the number of compo-
nents. Though theoretical studies [50] addressed the implications of unlabeled sam-
ples on the classification performance, very little attention was given to overcome this
important limitation of the semi-supervised algorithms. We developed a novel adap-
tive semi-supervised learning algorithm, which automatically finds the samples from
the additional components of the unlabeled data model. By eliminating samples from
the irrelevant components with respect to the labeled data model, our adaptive semi-
supervised approach overcomes an important side effect that has direct bearing on the

accuracy. Pooling irrelevant unlabeled training samples with labeled training samples
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leads either shift in the location parameter (means) or size and shape parameter (co-
variance) or both. This shift in the mean or increase in covariance leads to increase
in the overlap of class distributions. Since probability of error is related to the overlap
between class conditional probability distributions, increase in this overlap leads to the
increase in the probability of error. As can be seen from the experimental results, adap-
tive semi-supervised learning algorithm overcomes this problem by eliminating samples
from additional components using the well-known statistical hypothesis testing. As a
result, the adaptive semi-supervised learning algorithm has given consistently better
results as opposed to the semi-supervised learning algorithm.

In this chapter we focused only on statistical hypothesis testing for matching classes
and clusters. However, statistical hypothesis tests are sensitive to model assumptions
and noise. We also assumed that the covariance is same for clusters and classes, which
may not be true. We conducted initial experiments with two other statistical mea-
sures. One is KL-Divergence and the other is transformed divergence. These measures
gives a sense of closeness between two statistical distributions, thus we can combine two
distributions which are very close or highly overlapping. The results are encouraging,
however further experimentation is need in order to understand the overall solution qual-
ity or scenarios where these measures are more desirable than the statistical hypothesis

testing.
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Chapter 5

Overlapping Classes: Multisource

Data Classification

5.1 Background

MLC is the most widely used method for land cover classification based on multi-spectral
remote sensing imagery because of its simplicity and efficiency. However, multi-spectral
image classifiers, like MLC, use only the spectral information of the pixel to be clas-
sified. However, in practice thematic class definitions often doesn’t map well to the
spectral classes. For example, upland hardwood and lowland hardwood forest may have
similar statistical distribution (if not exactly same). Thus class conditional probability
distributions of such classes may be highly overlapping and can’t be separated easily
without using additional ancillary geospatial data. Fortunately, MLC is very flexible
and several researchers have obtained improved classification results by incorporating
a priori information from ancillary spatial databases into MLC [34], [5I]. Another
way to incorporate ancillary information is to stratify the image into spectrally homo-
geneous regions before classification. Stuckens et al. [52] have used pre-classification
stratification based on physiography. Training samples were then developed separately
for each physiographic stratum. The main purpose of this stratification was to sub-
divide the large geographic region into physiographically homogeneous zones to avoid
confusion between training signatures. However one problem associated with the strat-

ification approach is that there may be artificial contours in the final classified image if
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appropriate criteria are not adopted for stratification.

An alternative to MLC with a priori ancillary information is expert system classi-
fication. Expert systems for remote sensing image classification have been considered
by several researchers [63], [54]. The main advantage of expert system classification
is that it allows the integration of knowledge about the environment into the classifi-
cation process. The main disadvantage of these systems is the difficulty of developing
a complex knowledge base with correct and consistent rules. In the approach used by
Skidmore [53], the expert system infers the most probable species class at a location
using a priori probabilities, computed using Bayes’ theorem, for all the items of evidence
(e.g. possible thematic class, gradient, aspect). The approach used by Bolstad et al.
[04] is based on the concept of the classification model, where a classification model is
defined as an automated sequence of operations applied to image and non-image spatial
data, which results in a land cover classification. As noted earlier, the major limitation
of knowledge based approaches is the complexity of the knowledge base. For example,
the KB used by Bolstad et al. [54] contains about 200 rules. For real use of KBs to
become practical, more research is needed on continuous learning and automatic popu-

lation of the KB and consistency checks for KB rules.

In this chapter we present three approaches to improve overlapping class classifica-
tion problem by using ancillary geospatial data. First let us formalize the multisource

data classification.

5.1.1 Multisource Data Classification: Problem Formulation
Given:
A spatial framework S consisting of sites s;; ordered as an [ x p matrix, where [ is
the number of lines and p is the number of pixels, and {1 <@ <[,1 < j < p}.

A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels
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Training Dataset D = D; U D,;, where D; contains labeled training plots and

D,; contains unlabeled training plots.

A parametric model (e.g., Gaussian).
Find:
Estimate parameter vector O (e.g., {u;, Xi}).
Objective:
Maximize complete data log-likelihood L(©).
Assumptions:
A1 The size of the labeled training dataset is less than 10 to 30 times the number
of dimensions
A2 Thematic classes are separable

A3 Classes are unimodal

A4 Feature vectors are independent and identically distributed (i.i.d), but fea-
tures are highly correlated in feature space (that is features are not indepen-
dent).

A5 D; and D, samples are generated by GM M; and GM M,,.

A6 Input data (z) are a combination of continuous and discrete random variables.

As compared to semi-supervised learning, the multisource data classification problem
has two changes. First, we were given ancillary geospatial databases. Second, we relaxed
the assumption that x are continuous random variables. In case of multisource data we
have to deal with both continuous and discrete random variables.

We now present our first which is based on combining the best features of statistical
pattern recognition techniques, such as MLC, and knowledge based systems. We elimi-
nate the main limitation of the KB by i) simplifying the KB to a restricted set of rules,
and ii) changing the objective from classification of individual pixels to stratification of

the image into spatially homogeneous and disjoint regions.
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5.1.2  Data Sources and Pre-processing

This research was carried out in the north east portion of the metropolitan area of
Minneapolis-St. Paul, Minnesota, U.S.A. The southern part of the area is characterized
by high-density urban, industrial and residential build-up, lakes, grass fields (including
golf courses), and lawns. The northern part consists of agricultural fields, wetlands,
hardwood and conifer forests, lakes, and low-density residential settlements. The satel-
lite imagery used in this study was acquired on May 15, 1998 by the Landsat Thematic
Mapper (TM). Several ancillary spatial data sets were used to extract spatial knowl-
edge suitable for stratification of the satellite imagery. These data sets include the 1990
Census, 1995 TIGER road maps, and the National Wetlands Inventory (NWI). Satellite
imagery was geometrically corrected and geo-referenced to the UTM projection by col-
lecting about 30 ground control points and fitting a second order polynomial equation
with an RMS error less than 7.5 meters (i.e. about a quarter of pixel accuracy). Color
infrared aerial photographs and existing thematic maps, along with ground visits, were

utilized in the training phase.

5.2 Spectral and Spatial Knowledge-based classification

Our classification system consists of four major modules: spectral knowledge, spatial
knowledge, semi-automated learning, and classification, each of which is described be-

low.

Spectral Knowledge: Object extraction from spectral relationships only is almost im-
possible, nonetheless it is interesting and useful to find simple spectral rules, like:
VPizxel(p), IF(bandl(p) > band2(p) > band3(p)) THEN Output(p) = "WATER’. Even
though finding such rules is difficult, the main contribution of spectral knowledge is in
finding inherent data structures within the image. Often transformations, like normal-
ized density vegetation index (NDVI) and Tasseled Cap (TC), will yield more insights
into the structure of the data. The Tasseled Cap concept involves identifying the existing
data structures for a particular sensor and application and changing the viewing per-
spective such that those data structures can be viewed directly [b5]. We have extracted

spectral knowledge derived from greenness index channel of the TC transformation for
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stratifying the TM image. The rules used are summarized in Table BTl

Knowledge Base Class/Region
TM B1 > B2 > B3 > B4 Water
(TassledCap.Greenness < 15) && | High density
(Pop.Density > 5000) || developed

(Road.Density > 0.0145)
(15 > TassledCap.Greenness < 25) | Low density
&& (1000 < Pop.Density leg5000) developed

|| (0.0078 < Road.Density < 0.0145

Table 5.1: Spectral and Spatial Knowledge Base.

Spatial Knowledge: The purpose of the spatial knowledge base is to stratify the TM

image into homogeneous regions with the following properties:

Let R be any given image.

The purpose of image stratification is to find a

finite set of regions Ri, Ra, ...., Ry, such that
R=UL,R, RNR;j=10

and k classes Cj. ¢ R; are spectrally separable
(i.e. inter-class variation is minimum and

intra-class variation is maximum).

Our objective is to find regions in such a way that signature continuity holds within
any region R; and for any class: if Cpp = Cji, then r = j. But in practice we may
not find such regions, so there may be some common classes among the regions. In the
training phase we have to collect sufficient samples for overlapping classes to avoid ar-
tificial contours in the final classified image. Careful study of the TM image shows that
we can find two distinct regions called ‘developed lowlands’ and ‘undeveloped uplands’.
The flow chart for extracting spectral and spatial knowledge to derive these two regions

is shown in Figure Bl The knowledge base is summarized in Table Bl
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Figure 5.1: Flow chart showing the use of spectral and spatial knowledge base

Semi-automated Learning: Sample plots were collected for the required classes ‘to be
used as seed points’. A region growing algorithm was applied at each of the seed
points to populate polygons with homogeneous characteristics. Approximately 25 aerial
photographs and additional ground truth observations were utilized in collecting sample
plots. The main criterion used in region growing was obtaining minimum region of N+1
pixels (where N is the number of spectral bands) to 25 pixels within a spectral Euclidean
distance of 10 pixels. For a N-dimensional multi-spectral space, we need at least N+1
pixels to avoid a singular covariance matrix. We chose the 25-pixel criterion to check
that the sample comes from a homogeneous area. We can’t compute this threshold
beforehand, so we have iteratively varied the thresholds to reach an optimum limit
satisfying the above criteria and eliminated some of the seed points during this process.

Once the training samples were collected, training statistics were generated and analyzed
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both visually and quantitatively to check the between-class separability. Co-spectral,
ellipsoidal plots in two-dimensional feature space provide first-hand visual information
about between-class separability. An example plot is shown in Figure As can be

seen from the figure, the ellipses (classes) are fairly separable.

Figure 5.2: Between-class separability in feature space

Transformed divergence was computed using the following equation:

—Diverg,y

TDay = 2000[1 —el— 5 ], (5.1)

where Diverg,, is the divergence between the classes a and b. Diverggy, is computed

using the following equation:

1
Divergy, = §tr[(Va -V, =)
1
+otrlVa ' V) (Mo — My) (Mo — Mp)],
where t¢r[-] indicates trace of matrix, V, and Vj are the covariance matrices for any
given two classes a and b, and M, and M} are the mean vectors for class a and b. The

transformed divergence given in equation 1 gives an exponentially decreasing weight to

increasing distances between the classes and also scales the divergence values between 0
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and 2000. A transformed divergence value of 1900 and above indicates good separation
between classes under investigation and a 2000 represents a perfect between-class sepa-
ration. Training samples with low TD values were carefully studied and either merged
or deleted based on ground truth verification. We have achieved, a final average diver-
gence of 1944 for ‘developed lowlands’ and 1950 for ‘undeveloped uplands’. The flow

chart for supervised learning is shown in Figure B3
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Figure 5.3: Semi-automated supervised learning scheme

Classification: Classification is performed using MLC with the following discriminant
function:

gi(z) = || — (x — my) 'S (2 — my), (5.2)
where m; and X; are the mean vector and covariance matrix of the training data for
class w;. Any given pixel vector z is assigned to w; if g;(z) > g;j(z) Vj # i. More
details on transformed divergence and maximum likelihood classification methods can
be found in [56], [35]. All classified regions are merged to obtain a final classified image
as shown in Figure B4l
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Figure 5.4: Final classified image

Accuracy assessment: We randomly collected about 190 sample plots for accuracy as-
sessment. These sample plots are verified using large scale aerial photographs and field
visits. Individual class accuracies are summarized in the Table Bl Overall accuracy
is about 85%. However, accuracy is low for lowland conifer, wetland, and low density
urban because of high spectral overlap among these classes. Additional knowledge base

development is needed to improve the accuracy among these classes.

5.2.1 Hybrid Classification System

We now describe our second approach. Our approach is to combine traditional statis-

tical pattern recognition methods and machine learning algorithms like decision trees



Class Accuracy (%)
Water 100
Bare Soil 100
Crop 85
Upland Conifer 100
Upland Hardwood 97
Lowland Hardwood 63
Lowland Conifer 71
Wetland 71
Low density Urban 100
Hi density Urban 67
Overall Accuracy 85

63

Table 5.2: Accuracy Estimation

such that the resulting hybrid system yields better predictions (classifications) and min-
imizes some of the known disadvantages. We already observed that no single classifier
provides the best solution, and in fact, it is observed in several previous studies that the
classification accuracy of individual classes varies greatly, though the overall classifica-
tion accuracy is comparable. This very nature of classifier performance on individual
classes has led to the design of multiple classifier systems (MCSs). The primary objec-
tive of MCSs is to combine the decisions from different classifiers in such a way that
the overall accuracy improves. Recent studies by Smits [57], Bruzzone at el. [58] have
demonstrated the usefulness of MCSs for remote sensing image classification. Our hy-
brid classification system is designed on the same guiding principles, however, instead
of combining several classifier decisions at the end as in MCSs, our approach utilizes
the relative strength of each classifier and applies them in a sequence (stages) such that
the final classification accuracy is improved.

A hybrid classification system is defined as follows:

Given: [ =Xy,...,X,01,...,0p be a set of images, where X; denote raw images

and O; denote intermediate output generated by f;,
S =251,...,5gr be a set of ancillary geo-spatial data layers,

T =ty,...,tg be a set of training samples,
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L =w,...,wc be aset of labels (classes).

F = f1,..., fn be a set of classifiers, where fy : {I;; Ss;T3; L1} — Oy, and I;, S,
T;, and L; are subsets of I, S,T, and L respectively. These subsets could be
null, for example, if f; is a clustering algorithm, then Sg; T;; L; are all null

sets.

Find: Hybrid classifier H, where H = f;[fx[...]] is a sequence of classifiers, such that

the classification accuracy is maximized.

The main problem in defining H is to find the optimum sequence of classifiers.
The performance of each classifier f; depends on several factors, ranging from model
assumptions (e.g., class distribution) to feature sets used. There is no easy way of
automatically selecting this sequence, but we used the following guiding principles in
deriving this sequence.

We used unsupervised clustering algorithms to overcome the need for accurate train-
ing data in the first stage. Several clustering algorithms have proven to be very useful in
remote sensing analysis. However, the main problem with the clustering algorithms is
mapping these spectral clusters into ground classes. There is no simple way to do this,
so the clustering approach is mainly used to find natural clusters in the data with sub-
sequent training samples taken from these clusters. However, we observe that ancillary
geo-spatial data can be efficiently used to map these spectral clusters into ground classes.
Thus in the second stage, a decision tree is used to guide the classification process using
ancillary geo-spatial data. This framework offers greater flexibility because the classi-
fication requirement now is reduced to map the entire cluster rather than individual
pixels as in the traditional approach. On the other hand, if a supervised classifier like
MLC, or a decision tree is chosen at the first stage, then one requires an accurate and
sufficiently large learning data set. Direct incorporation of ancillary geo-spatial data S
into MLC is difficult (because the lack of a convenient multivariate statistical model)
and the true benefits cannot be fully exploited by abstracting the spatial knowledge
into ’a priori’ probabilities. Similarly decision trees also require a large learning data
set in order to find accurate decision boundaries in feature space. By using clustering
in the first stage, we not only avoid the need for large training data, but also reduce

the feature space dimensionality (typically from 6 to 1) and the number of data points
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to be further classified (typically from millions of points to a few thousand polygons).
This step also eliminates the need for large training data in the second stage, as the
classification task is now reduced to finding a simple set of rules to map the spectral

clusters into thematic classes. Each of these classifiers are briefly described below.

5.2.2 C-Means Clustering

Cluster analysis is an often performed data analysis technique in many fields. This has
resulted in a multitude of clustering algorithms which can be broadly classified into the
following four groups: Hierarchical, Partitional, Density-based, and Grid-based. More
details on clustering algorithms and cluster validity measures can be found in recent
survey papers [p9], [60], [6I]. The most often used clustering method in remote
sensing is C-Means clustering which belongs to the Partitional clustering group. The
main premise of Partitional clustering is to create one cluster for each pattern and
iteratively reallocate data points to each cluster until a stopping criterion is met. These
methods tend to find clusters of spherical shape. K-Means and K-Medoids are some
other commonly used partitional algorithms. The C-Means algorithm is an enhancement

over the K-Means algorithm and is given as follows:

1. Start with an initial partitioning of the data into k& clusters
2. Compute the centroids of the resulting clusters
3. Generate a new partition by assigning each sample to its closest cluster centroid

4. Repeat 2 to 3 until an optimum value of the criterion function is found (e.g., Mini-

mum Square Error)

5. Adjust the number of clusters by merging existing clusters or by removing small and

outlier clusters

The algorithm is briefly explained here, but more details can be found in [62].
In C-Means, new cluster creation or existing cluster merging are determined by the
parameters provided by the user. A cluster is split if it has too many patterns and,
usually, a larger variance along the feature with the largest spread. Two clusters are

merged if their cluster centers are sufficiently close, again based on a parameter supplied
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by the user. We have chosen unsupervised classification because it requires a minimal
amount of input from the user as opposed to supervised classification, which requires
highly accurate training data. Clustering algorithms automatically search for the natu-
ral groupings of pixels in the multi-spectral feature space. By applying clustering first,
the classification problem is now reduced to finding an f; which efficiently maps these

spectral clusters into thematic classes.

5.2.3 Decision Tree Classification

A decision tree (DT) is a nonlinear classifier that recursively partitions a data set into
smaller subdivisions based on a set of simple tests at each internal node in the tree.
The leaf nodes represents the class labels w;. Training samples are used to learn the
split conditions at each internal node and to construct a decision tree. For each new
sample (i.e., feature vector z), the classification algorithm will search for the region
along a path of nodes of the tree to which the feature vector x will be assigned. That
is, the classification of a region is determined by a path from the root node to a leaf
node. In previous studies decision trees were used for remote sensing classification with
accuracies that were comparable to MLC [37] and global land cover classifications [5],
[7]. Performance of three different types of decision trees, namely, univariate, multi-
variate, and hybrid decision trees for remote sensing data classification, against MLC
were reported in 6], and it is found that decision trees produced higher classification
accuracies. Most common decision trees split the feature space into hyper-rectangles
with sides parallel to the axis. Oblique decision trees [38] find the optimal hyper-plane
(not necessarily axis-parallel) for each node of a decision tree. In this study, we used
C4.5, a publicly available univariate decision tree software. For algorithmic details, see

Quinlan [39].

5.2.4 Maximum Likelihood Classifier (MLC)

The MLC is one of the popular classification schemes, and is often used as the basis for
comparison against other classifiers. The MLC is based on Bayes’ classification rule,
which assigns a feature vector x to the class w with the highest conditional probabil-

ity. In practice, it would be very difficult to compute conditional probabilities for each
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feature vector x. But if sufficient training data are available for each thematic class,
then it is possible to estimate a probability distribution for each class that describes
the chance of finding a pixel from class w;, i.e., p(z|w;) say, at the position z. In order
to compute the probability distributions for classes, we have to make certain assump-
tions about the underlying distribution of the population (e.g., multi-variate normal
or Gaussian). Classifiers which make assumptions about the underlying parameterized
probability density functions are called parametric classifiers. This assumption simpli-
fies the computation of parameters like mean, standard deviation and cross-covariance
matrix from the training data. For a multi-variate normal distribution, the discriminant
function can be written as

(@) = Inp(wr) — 3 | D1 | —5(x —mi) 57 (& — mi) (53)

where m; and ¥; are the mean vector and covariance matrix of the data in class w;.
Then the MLC assigns any given feature vector = to a class w;, if g;(z) > g;(x) V.
However, one disadvantage of MLC (as with any parametric classifier) is the strict as-
sumption of unimodal normal distribution; as a result, the analyst has to train for each
of the sub-classes which correspond to a mode in the distribution. In an extreme case,
this problem may also arise due to signature extension. Signature extension refers to the
concept of assuming that a defined class or object in one spatial region can be extended
to another region without requiring changes in the model, such as additional ground
truth or investigation by the user [63]. However, due to several extraneous factors,
signature extension may not hold, and we may have to train the classifier accordingly.
Also parametric classifiers like MLC cannot incorporate ancillary geo-spatial databases
(like soil, elevation, slope, aspect) into the classification process because the probability
distribution (e.g., Gaussian) does not hold with these ancillary data sets. The paramet-
ric classifiers will also perform poorly if the underlying distribution do not conform to
the assumed distribution (for example, any given class may not be normally distributed,
or the distribution may contain more than one mode). It is well known that several
spatial relationships exist between the images and geo-spatial databases, as the spectral
distribution is a function of objects and the physical environment (e.g., slope, aspect,
soil type). Several recent studies have aimed at incorporating a priori probabilities com-

puted from these ancillary data into MLC. Studies by [34], [5I] show that accuracy can
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be improved by incorporating a priori probabilities computed from ancillary geo-spatial
data sets. A priori probability can be thought of as a scaling factor which shifts (scales
down or scales up) the decision boundaries in proportion to the expected class volumes
(frequency) in N-dimensional feature space. Though these approaches may marginally
increase accuracy, they have inherent limitations. For example, since a priori proba-
bilities are a global phenomenon, it cannot accurately model local or regional spatial
relationships. We have trained our MLC with a priori probabilities derived from the

ancillary data sets as suggested in [B1].

5.3 Methodology and Results

We now describe major components of the proposed approach.

5.3.1 Data Sources and Pre-processing

This research was carried out in the north east portion of the metropolitan area of
Minneapolis-St. Paul, Minnesota, U.S.A. The southern part of the area is characterized
by high-density urban, industrial and residential build-up, lakes, grass fields (including
golf courses), and lawns. The northern part consists of agricultural fields, wetlands,
hardwood and conifer forests, lakes, and low-density residential settlements. The satel-
lite imagery used in this study was acquired on May 15, 1998 by the Landsat Thematic
Mapper (TM). Several ancillary geo-spatial data sets were used to aid classification
process. These data sets include the 1990 Census, 1995 TIGER road maps, and the Na-
tional Wetlands Inventory (NWI). A road density layer was derived from TIGER road
map using the LINEDENSITY function in ARC/INFO software. This function calculates
the density of lines in a circular neighborhood around each pixel. We also generated an
upland /lowland layer using the NWI dataset. The terrain is relatively flat, so a DEM
was not used in this study, however, it may be an important input for separating upland
and lowland classes in highly varying terrain conditions. From the Census dataset, we
derived a population density layer based on the number of persons per square mile.
Satellite imagery was geometrically corrected and geo-referenced to the UTM projec-

tion by collecting about 30 ground control points and fitting a second order polynomial
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equation with an RMS error less than 7.5 meters (i.e., about a quarter of a pixel accu-
racy). Color infrared aerial photographs and existing thematic maps, along with ground
visits, were utilized in collecting training data. A normalized difference vegetation index
(NDVI) was computed from the TM image which enhances the discrimination power
between vegetation and non-vegetation and is used in decision tree training along with
ancillary data sets.

Clustering: Using the C-Means clustering algorithm we obtained 20 spectral clus-
ters. Small patches (with size < 5 pixels) were further eliminated using the “clump
analysis” module in Imagine software. The cluster image was converted into a polyg-
onal vector layer for further processing in the ARC/INFO system [64]. This process
resulted in about 172564 polygons. Each of these polygons was classified into one of ten
thematic classes (see Table B3 using the decision tree classifier.

Decision Tree Construction: Approximately 180 training samples were collected
and for each sample the attributes from each of the geo-spatial data layers described
above were extracted. C4.5 decision tree software was used to build the decision tree.
For the hybrid system, the feature set consists of the clustered image and ancillary
geo-spatial data sets. We trained the decision tree classifier on this feature set with
95% accuracy. The final pruned tree had 29 leaves with a maximum depth of 9. On
the other hand, the direct training on a feature set consisting of the original TM image,
NDVI image, and ancillary data had resulted in a tree of depth 16. These trees were
then used to classify the respective data sets into ten thematic classes.

ML Classification: To train the MLC, we applied a region growing algorithm
at each sample location to populate the polygons (maximum of 36 pixels) with homo-
geneous characteristics. Training samples were further purified based on transformed
divergence analysis. Using these training polygons, training statistics (m;, %;) were
generated. Ancillary data sets were used to compute a priori probabilities using the

technique suggested in [B1].

5.3.2 Analysis of Results

In this section we present a comparative analysis of our new approach with MLC and
DT classifiers. The classified images are shown in Figure Table summarizes
the classification accuracy of the MLC, DT, and hybrid classification system methods.



Figure 5.5: Classified images using MLC, C-Means, and Hybrid techniques.

The final supervised MLC classification yielded about 78% accuracy, the decision tree
classification gave about 85% and the hybrid system gave about 88%. The performance
gain over MLC can be attributed to the fact that the upland and lowland classes are
highly overlapping and decision trees were learned to separate these classes using an-
cillary data sets. Similarly urban classification is also improved with the use of road
density and urban density data sets. Performance of decision trees and hybrid system
were comparable in terms of classification accuracies, however, hybrid system is compu-
tationally more attractive than decision trees because of the reduction in feature set size
and number of points to be classified (due to initial clustering of the original TM image).
Thus the hybrid system can be used to mine large data sets (for global and regional
applications), where spectral overlapping is common and signature extension does not
hold. Although direct decision tree classification yields better accuracy than MLC, the
training requirements are substantially higher and the resulting trees are very big and
thus demand more computational resources. For example, the study in [B] resulted in
a tree with 105 terminal nodes (leaves) and a visual pruning resulted in 57 final nodes
for global land cover classification at 8KM resolution. These requirements will further

grow with the MODIS data set as the spatial resolution is improved to 250 meters.
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Class MLC (%) | DT (%) | Hybrid (%)
Water 87 90 90
Bare Soil 81 87 85
Crop (and Grass) 80 86 86
Upland Conifer 68 75 80
Upland Hardwood 80 85 89
Lowland Hardwood 78 84 85
Lowland Conifer 78 84 85
Wetland 70 76 82
Low density Urban 72 81 80
Hi density Urban 83 90 95
Overall Accuracy 78 85 88

Table 5.3: Comparison of Classification Accuracy (MLC, DT, and Hybrid Systems)

5.4 Hybrid Semi-supervised Learning Scheme

In this section we present our third approach. A common task in analyzing remote sens-
ing imagery is supervised classification, where the objective is to construct a classifier
based on few labeled training samples and then to assign a label (e.g., forest, water,
urban) to each pixel (vector, whose elements are spectral measurements) in the entire
image. The commonly used maximum likelihood classifier (MLC) has two well known
limitations. First, it works well if the land cover classes are spectrally separable. In
reality, the classes under investigation are often spectrally overlapping as the reflectance
recorded by remote sensing satellites for many of these thematic classes is dependent
on several extraneous factors like terrain, soil type, moisture content, acquisition time,
atmospheric conditions, etc. The usefulness of ancillary data for improving classifica-
tion accuracy is well known, but there is no convenient multivariate statistical tool for
modeling this multi-source data (i.e., images and ancillary geo-spatial data together).
Previous studies [34], [B1] have focused on incorporating ancillary information into the
MLC (typically via a priori term).

Second, MLC uses maximum likelihood estimation (MLE) technique for estimat-

ing class probability distribution parameters which requires large amounts of accurate
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training data. Collecting ground truth data for large number of samples is very diffi-
cult. Apart from time and cost considerations, in many emergency situations like forest
fires, land slides, floods, it is impossible to collect accurate training samples. As a re-
sult, supervised learning is often carried out with small number of training samples,
which leads to large variance in parameter estimates and thus higher classification error
rates. Several approaches can be also be found in the literature that specifically deal
with small sample size problems in supervised learning [12), [[3] 16, 05, M1]. These
methods are aimed at designing appropriate classifiers, feature selection, and param-
eter estimation so that classification error rates can be minimized while working with
small sample sizes. However, only recently attempts have been made to incorporate
unlabeled samples in supervised learning, which gave raise to new breed of techniques,
collectively known as semi-supervised learning methods. Well-known studies in this
area include, but not limited to [47, B3, 44, 45, 65]. The common thread between many
of these methods is the Expectation Maximization (EM) [#6] algorithm. Many of the
semi-supervised learning methods pose class labels as the missing data and use the EM
algorithm to improve initial (either guessed or estimated from small labeled samples)
parameter estimates. Though previous studies [A7, 66] showed that adding unlabeled
training samples improves overall classification accuracy, little attention was given to
extending semi-supervised learning for multisource data classification.

We now describe a new hybrid semi-supervised learning method based on a mixture
of discrete and continuous distributions. In typical semi-supervised approach, the pop-
ulation is assumed to be generated by a mixture of multivariate normal distributions for
continuous attributes (e.g., remote sensing images), or mixture of multinomial distribu-
tions for categorical attributes (e.g., text documents, ancillary geospatial data such as

soil types, upland and lowlands).

5.4.1 Semi-supervised Learning for Multisource Data Classification

As explained previously, multisource data is a mixture of both continuous and discrete
distributions. Let us now divide our attribute into two partitions: one consisting of

all continuous variables and the other consisting of all discrete variables. We can now
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rewrite our mixture model given in Eq. BTl as following:

2

M
xl‘(a Za] Hpjl le‘ejl (54)
l

j=1 i=1

where 60;; consists of the parameters of the distribution p;; for the partition /. To
reduce the complexity we used a knowledge based approach to stratify the geographic
region into three broad categories, viz., uplands, lowlands and developed area. The main
objective for this stratification is to split the geographic region into different spatial units
where each spatial unit contains classes that are easily discriminable. So the discrete
variables partition consists of a single attribute with three possible values. Finally we
used expectation maximization algorithm to estimate the model parameters, where our
model consists of six continuous attributes (corresponding to six channels in the ETM
image) and a categorical attribute (generated using a knowledge based classification
algorithm). We have conducted several experiments to evaluate the usefulness of our
method in thematic classification of multisource geospatial datasets. We now briefly

present the results in the following section.

5.5 Experimental Results

We used a spring Landsat 7 scene, taken on May 31, 2000 over Cloquet town located
in Carlton County, Minnesota. We designed two different experiments to validate our
hypothesis that adding ancillary geospatial datasets and unlabeled training samples
improve the classification performance.

We have used the following ancillary information: normalized density vegetation
index (NDVI) and Tasseled Cap (images), transportation data (lines), National Wetland
Inventory (NWI) data (polygons) and population data (polygons/attributes). We used
a knowledge based approach [67] to generate a stratified image consisting of upland,
lowland, and developed regions. This stratified image is used as a categorical attribute
in our multisource classification experiment.

The labeled training data consists of 14 plots (2 plots per class), and unlabeled
training data consists of 50 plots. For both of these experiments the test dataset was

fixed and consisted of 205 plots. We trained three classifiers: MLC, Semi-supervised
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Figure 5.6: Parameters Estimated using (a) ML, (b) SSL(EM).
C-ID Class MLC  SSL SSL-MS

1 Hardwood.l  56.04 48.31 36.23
2 Hardwood.2  78.21 65.36 61.87
3 Conifer 43.30 80.84 86.59
4 Agriculture 84.19 94.02 98.72
5 Urban 100.00 91.11 97.78
6 Wetlands 6.50 28.38 66.50
7 Water 53.70 90.74 96.30
O  Overall 48.62 58.92 70.51

Figure 5.7: Class and Overall Accuracy

Classifier (SSL), and Multisource Semi-supervised classifier (SSL-MS). The estimates
obtained by maximum likelihood and semi-supervised approaches (using expectation
maximization) are summarized (in the form of bivariate density plots) in Figure B0l
The individual class accuracy and overall classification accuracies were summarized in
Figure BEZ1 This figure (table) shows the great potential of our proposed classification
scheme in small sample and multisource data classification problems. The plain semi-
supervised learning method improved classification accuracy by 10% and on the other

hand semi-supervsied learning scheme on multisource data has resulted in improvement
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of about 22% over maximum likelihood classification.

5.6 Conclusions

In this study we presented a semi-supervised learning scheme for multisource data clas-
sification. This new scheme addresses two major limitations of the most widely used
maximum likelihood classifier: small training samples and multisource data. Finite mix-
ture modeling offers great flexibility in modeling multisource data. Initial experimental
results showed an improvement of more than 20% as compared to MLC with training
data of just 2 plots for class. Processing ancillary data to come up with meaningful
stratified units is still an open problem. Further research is needed to automatically
discover the stratified units from ancillary data for a given classification task. More
experiments are needed to see the performance of the proposed algorithm in different

geographic settings.



Chapter 6

Aggregate Classes

6.1 Introduction

Remote sensing, which provides inexpensive, synoptic-scale data with multi-temporal
coverage, has proven to be very useful in land cover mapping, environmental monitor-
ing, forest and crop inventory, urban studies, natural and man made object recognition,
etc. Thematic information extracted from remote sensing imagery is also useful in a
variety spatio-temporal applications. For example, land management organizations and
the public have a need for more current regional land cover information to manage re-
sources and monitor land use changes. Likewise, intelligence agencies, such as, National
Geospatial Intelligence Agency (NGA), and Department of Homeland Security (DHS),
utilizes pattern recognition and data mining techniques to classify both natural and
man made objects from large volumes of high resolution imagery.

Image classification, i.e., assigning class labels to pixels, using some discriminant
function, is one of the fundamental analysis technique used in remote sensing to generate
thematic information. Image classification can be formally defined as finding a function
g(x) which maps the input patterns x onto output classes y; (some times y;’s are also
denoted as w; or ¢;). The main objective is to assign a label (e.g. Water, Forest,
Urban) to each pixel in the image to be classified, given corresponding feature vector
x;’s in the input image. Depending on the type of supervised learning method used,
the objective of a supervised learning could be finding a function g(z) (also called a

discriminant function), that divides the input d—dimensional feature space into several
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regions, where each region corresponds to a thematic class y. One such simple function
is given in 1

That is, the feature vector = belongs to class y; if p(y;|z) is the largest. Even though
it sounds simple, this assignment problem is very difficult. There is no single algorithm
which will correctly classify any given image. Multi-spectral image classification is still
an open problem.

One of the main problem in image classification stems from the fact that spectral
classes are often overlapping and may not directly correspond to information classes.
One of the main reasons for this mismatch between spectral classes (image supported)
and information classes (analyst given) is due to the fact that it impossible to collect
labels for all spectrally separable classes. For accurate estimation of parameters of the
statistical model, one approximately needs (10 — 30) x d labeled samples per class [68].
Collecting ground truth (labels) data over large geographic regions is costly, time con-
suming, and poses several other practical problems. It is also estimated that the cost of
collecting a single training sample in remote sensing is approximately $500. Given these
practical limitations, often the analyst groups the relevant classes and collects labels
only for those aggregate (grouped) classes. Typical examples are forest, agriculture,
urban, and other land-use classes. Usually, the analyst given forest class may contains
samples from all types of forests, such as hardwoods, conifer, etc., each of which can be
described by a unique statistical distribution. These distributions are clearly identifiable
in many image classification problems (depending on the spectral resolution), though
in some cases these finer classes may be highly overlapping (in low spectral resolution
images).

Aggregate classes poses two problems, first it violates the common assumption that
each class is unimodal, secondly the estimated parameters could be wrong. Let us now

relax this assumption and revise our problem definition as following.

6.1.1 Aggregate Class Classification: Problem Formulation

Given:

A spatial framework S consisting of sites s;; ordered as an [ x p matrix, where [ is

the number of lines and p is the number of pixels, and {1 <i <[,1 < j < p}.



78
A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels

Training Dataset D = D; U D,;, where D; contains labeled training plots and

D,; contains unlabeled training plots.

A parametric model (e.g., Gaussian).
Find:
Estimate parameter vector O (e.g., {u;, Xi}).
Objective:
Maximize complete data log-likelihood L(©).
Assumptions:
A1 The size of the labeled training dataset is less than 10 to 30 times the number
of dimensions
A2 Thematic classes are separable

A3 Classes are not unimodal

A4 Feature vectors are independent and identically distributed (i.i.d), but fea-
tures are highly correlated in feature space (that is features are not indepen-
dent).

A5 D; and D, samples are generated by GM M; and GM M,,.

If we ignore assumption (A3), then we are combining distinctly identifiable classes.
Therefore, the estimated covariance matrix is large, as it accounts for both inter-class
covariance and intra-class covariances (of component classes). It is very important
to estimate covariance matrix accurately because even for a fixed means, it can be
shown that increase in variance of any one class (keeping means fixed), leads to the
increase in probability of error. Figure shows what happens when the individual

spectral classes are combined into one aggregate class. Sample image with two plots
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collected over an agriculture land is shown in Figure EIla). Though both plots are
collected over agriculture land, we can see two distinct histograms in Figure BI(b) each
corresponding to finer classes (different crops in this case). Bivariate Normal density
plots corresponding to the two sub-classes are shown in Figure [EIl(d). This plots shows
that these final classes are clearly identifiable and separable in the future space. On
the other hand, Figure E(e) shows bivariate Normal density plot of the agriculture
class (aggregated), which clearly shows what the problem might be. The increase in
the size of ellipsoid implies that the agriculture class now overlaps with other classes in
the feature space, and this increase in overlap between classes leads to increase in the
probability of error, as shown in Figure B2

Figure shows the relationship between the overlap and the probability of error.
Here, E12 denotes the error region where feature vectors z; are classified as class 1 (¢1)
where as x; actually belongs to the class 2 (¢). Figure [E2(b) shows the increased
probability of error due increase in variance of ¢;. Though, the mean is same in both
cases, the increase in variance of one class (c1) has resulted in increase of probability of
error, pg = F19 + E91. This observation motivated us to develop a new classification
scheme which relaxes the common assumption that the class has to be a unimodal

distribution. Instead, we assume that each class is a finite mixture model.

6.1.2 Contributions

In this work we clearly identified an important practical problem in supervised classi-
fication of remotely sensed imagery. We developed a novel learning algorithm which
takes user defined aggregate classes and automatically discovers sub-classes within each
aggregate class. The resulting classifier showed not only improvement in overall clas-
sification accuracy but also recognized finer classes which analyst is always interested
in, but sufficient ground truth data cannot be collected for the finer classes. Then we
presented a expectation maximization based semi-supervised learning scheme with new

update equations for classifying the newly discovered sub-classes.
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6.2 Statistical Classification Framework

In the classification of a remote sensing images, our objective is to assign a class label (y)
to each pixel (x) based on certain decision criterion. Maximum likelihood classification
(MLC) and maximum a posteriori (MAP) classification are two of the most widely used
classifiers in remote sensing. Bayesian decision theory plays a central role in statistical
pattern classification. Both ML and MAP classifiers are based on Bayesian decision

theory.

6.2.1 Bayesian Classification

In the Bayesian approach, the objective is to find the most probable set of class labels
given the data (feature) vector and a priori probabilities for each class. Formally, we

can state Bayes’ formula as:

p(zlyi) P(yi)
p(x)
The unknown conditional probabilities p(y;|x) can be estimated if sufficient training

P(yilz) = (6.1)

samples for each of the classes are available. Assuming the training samples were gen-
erated by a multivariate normal or Gaussian density, we can write the decision rule for
maximum a posterior (MAP) classifier as following:

gi@) = I Plys) — 58l — (o — ) 1507 - ) (62)

If we don’t have a priori knowledge about the classes then we can drop P(y;) term
in the above equation and the resulting decision rule is known as maximum likelihood
classification (MLC). The covariance matrix ¥ plays a key role in discriminant analysis.
Covariance accounts for the shape (size and orientation) of classes in the feature space.
The effectiveness of ML/MAP classification depends on the quality of the estimated
parameter vector © (i.e., mean vector p and the covariance matrix X for each class) from
the training samples. Using a well-known parameter estimation technique, maximum

likelihood estimation (MLE), we can obtain the parameters p and 3 as following:

1 N . R
= o S0y (o= (e — )" (63)
k=1 k=1
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6.2.2 Limitations of MLC and MAP

One of the classical assumptions in supervised (statistical) classification is that the
classes are unimodal. We now test the impact of violation of this constraint through a
simulated example. We generated bivariate Normal samples (150 per class) using the
parameters given in the Table and BJ Maximum likelihood estimates from the

simulated samples were also summarized along with the original parameters.

Ch Co Cs
Features X1 X2 X1 X2 X1 X2
X1 | 30.00 25.00 | 60.00  40.00 | 60.00 50.00
X2 | 25.00 40.00 | 40.00  90.00 | 50.00 70.00
Estimated Parameters (MLE)
Xy | 27.03 19.10 | 57.66 43.43 | 56.81 40.60
X2 | 19.10 31.58 | 43.43 100.03 | 40.60 55.84

Table 6.1: Simulation Parameters (Covariance)
Coas X1 X2
Mean 64.66 44.89
Covariance | X1 280.49 121.80
X2 121.80 106.26

Table 6.2: ML Estimates of Aggregated Class (Cog3 = Cy + C3)

Given No of | Estimated (MLE)

Classes X1 X2 | Samples X1 X2
C:1 | 55.00 25.00 150.00 | 54.93 24.50

C2 | 80.00 50.00 150.00 | 79.58 50.23

Cs | 50.00 40.00 150.00 | 49.74 39.55

Table 6.3: Simulation Parameters (Means)

Let us now assume that classes 2 and 3 are sub-classes of an aggregate class Cog, i.e.,
analyst gave a single label to all the samples generated from the classes Co and C'5. The
new estimates of the aggregate class C3 are given in the Table For understanding
the distribution (and interaction) of original classes (C1,Cs,C3) and aggregate classes
(C1,C43), we have generated the bivariate density plots which are shown in Figure B3

The overlap between classes (Cy,Cq,C3) is almost negligible (see Figure E3|(a)).
However, aggregation of classes Cy, C3 into Coz has greatly increased its overlap with
class C (see Figure[E3|(b)). We have seen previously that this overlap directly accounts
for the probability of error, pg. One can expect to improve the classification accuracy,

if somehow the original classes (Cy,C3) which gave raise to aggregate class C3 can



82
be automatically discovered. Also, there is a great need for finer class discovery from
remotely sensed images, and precisely this is what our proposed algorithm tries to

accomplish.

6.3 Learning To Discover Sub-classes

Basic idea behind the proposed algorithm is very simple. Instead of assuming that each
class is a unimodal multivariate Gaussian, we assume that the samples from each class
are generated by finite Gaussian mixture. There are two subproblems associated with
this assumption. First, we don’t know how many components (sub-classes) are there
in this finite mixture model. Second, we don’t have labels for any of the component
(sub-class) so that we can employ regular MLE technique to estimate the parameters of
each component. Finally, we need to identify (classify) these sub-classes with minimal
additional training efforts. Solution to each of these subproblems were given in the

following subsections.

6.3.1 Estimating Finite Mixture Parameters

Let us now solve the first problem by assuming that we know the number of components
but not the labels for any the component class. Now assume that the training dataset
D; is generated by a finite Gaussian mixture model consisting of M components (as
opposed to unimodal Gaussian per class). If the labels for each of these components
were known, then problem simply reduces to usual parameter estimation problem and
we could have used MLE. Since the labels for sub-classes were not known, we have to
reformulate the likelihood estimation for the finite mixture model. We now describe a
parameter estimation technique that is based on expectation maximization algorithm.
Let us assume that each sample z; comes from a super-population D, which is a mixture
of a finite number (M) of sub-classes, Dq,..., Dy, in some proportions ai,...,apr,
respectively, where zlj‘il a;j=1land a; >0(i =1,...,M). Compared to our discussion
in the subsection EZI]l we can think of «; as P(y;). Now we can model the data

D = {z;}?_, as being generated independently from the following mixture density.

M
p(xi]©) =Y a;p;(wilb;) (6.4)
j=1
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n M
L(@) = Zln Zajpj(xiwj) . (65)
1=1 j=1

Here p;(x;]0;) is the pdf corresponding to the mixture j and parameterized by 6;,
and © = («ay,...,au,01,...,05) denotes all unknown parameters associated with the
M-component mixture density. The log-likelihood function for this mixture density is
given in In general, Equation is difficult to optimize because it contains the In
of a sum term. However, this equation greatly simplifies in the presence of unobserved
(or incomplete) samples. We now simply proceed to the expectation maximization al-
gorithm, interested reader can find detailed derivation of parameters for GMM in [8].
The expectation maximization (EM) algorithm at the first step maximizes the expec-
tation of the log-likelihood function, using the current estimate of the parameters and
conditioned upon the observed samples. In the second step of the EM algorithm, called
maximization, the new estimates of the parameters are computed. The EM algorithm
iterates over these two steps until the convergence is reached. For multivariate nor-
mal distribution, the expectation E[.], which is denoted by p;;, is the probability that

Gaussian mixture j generated the data point i, and is given by:

T2 (i) S i)}

Dij = — - (6.6)
’ V2 i) S i) }

The new estimates (at the k™" iteration) of parameters in terms of the old parameters

at the M-step are given by the following equations:
1 & S wipis
~k N —1 Tip
a5 ==~ pij (6.7) ph = sl oty (6.8)
i=1

> i1 Dij
n Y Y AY
> i1 Pij(Ti Nj)(xz Nj)

(6.9)
>im1Dij
We can now put together these individual pieces into the following algorithm (Table

Sk

[62]) which computes the parameters for each component in the finite Gaussian mixture

model that generated our training data D (without any labels).
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Inputs: Dj, training dataset (no labels for sub-classes) for any aggregate
class y;; M, the number of sub-classes in the corresponding aggregate class.
Initial Estimates: Do clustering by K-Means, and estimate initial pa-
rameter using MLE, to find 4 (see Equations B3))

Loop: While the complete data log-likelihood improves:

E-step: Use current classifier to estimate the class membership of
each unlabeled sample, i.e., the probability that each Gaussian mixture
component generated the given sample point, p;; (see Equation B.8).

M-step: Re-estimate the parameter, é, given the estimated Gaus-
sian mixture component membership of each unlabeled sample (see Equa-

tions B B8 6.9)

Output: Parameter vector ©.

Table 6.4: Algorithm for Computing Parameter of Finite Gaussian Mixture Model Over
Unlabeled Training Data

6.3.2 Estimating the Number of Components

We now address our second problem, i.e., we don’t know how many components (sub-
classes) are there in each (aggregate) class. As with estimating model parameter for
finite Gaussian mixture model, we assume that the training dataset D is generated by a
finite Gaussian mixture model, but we don’t know either the number of components or
the labels for any of the sub-component. In previous section, we devised an algorithm
to find parameters by assuming a M-component finite Gaussian mixture model. In
general, we can estimate parameters for any arbitrary M-component model, as long as
there are sufficient number of samples available for each component and the covariance
matrix does not become singular. Then the question remains, which M-component
model is better? This question is addressed in the area of model selection, where the
objective is to chose a model that maximizes a cost function. There are several cost
functions available in the literature, most commonly used measures are Akaike’s infor-
mation criterion (AIC), Bayesian information criteria (BIC), and minimum description
length (MDL). The common criteria behind these models is to penalize the models with
additional parameters, so BIC and AIC based model selection criteria follows the prin-
cipal of parsimony. In this study we considered BIC as a model selection criteria, which
is also takes the same form as MDL. We also chose BIC, as it is defined in terms of

maximized log-likelihood which any way we are computing in our parameter estimation
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procedure defined in the previous section. BIC can be defined as

BIC = MDL = —2log L(©) + mlog(N) (6.10)

where N is the number of samples and m is the number of parameters. We now
describe our BIC based model selection criteria to determine the number of number

components in each aggregate class (see Table [E0).

Inputs: Samples from any aggregate class (D;), Maximum number of Sub-
classes (y;"*")

Parameter Estimates: Apply parameter estimation algorithm (Ta-
ble B4l recursively by posing D; as finite Gaussian mixture model with
number of components varying from 2 to y;"**

Compute BIC: Compute BIC (eq. EI0) for each of the model (using
parameters computed in the previous step)

Output: Select the model (parameter vector ©), for which BIC is maxi-

mum

Table 6.5: Algorithm for Computing Parameters Including the Number of Components

Repeat the algorithm for each (aggregate) class in the original classification problem.
At the end of each iteration we have parameters for each sub-class within an aggregate
class. We can now apply MLC/MAP in two ways. First, we modified MLC/MAP to
output both aggregate classes (original analyst given classes) and as well sub-classes
which were discovered automatically using the procedure just described. We can com-
bine the finer classes (predicted) into the corresponding aggregate class in order to find

the aggregate class classification accuracy.

6.3.3 Semi-supervised Learning (SSL)

One natural question that needs to be answered in order for the proposed method to be
useful in real world applications is, ‘What these sub-classes are?’ This question is easy
if we have sufficient ground truth about these sub-classes. However, we developed this
entire classification framework based on the premise that it is very difficult to obtain
sufficient ground truth information for each identifiable class. If good number of ground
truth data is not available, is it possible to identify these sub-classes if small number

of ground truth information is available? This is where semi-supervised approaches are
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useful. Though we may not have sufficient ground truth available, we do have large
number of unlabeled samples (pixels - feature vectors extracted from the image). In
semi-supervised learning, we can exploit these unlabeled training samples to improve
the parameter obtained from the small number of labeled training samples. The pa-
rameter estimation is similar to the algorithm described in Section B3l However,
adding unlabeled training samples may not necessarily improve the classification per-
formance [b0]. However, our previous work showed that semi-supervised learning can
produce better results with careful selection of unlabeled training samples and proper
weighting of labeled and unlabeled training samples [66]. In typical semi-supervised
learning small number of labeled samples were used to obtain initial estimates, and
unlabeled training samples were used to iteratively improve these initial estimates using
the update equations given in Section (Eq. and algorithm We now
provide a new set of update equations using which one can emphasize (or deemphasize)
the importance of unlabeled samples in the semi-supervised learning. The new update

equations are given by:

& (im0 Aupig)
e _ 6.11
% (Am + Ayn) ( :
k= (i Mg + Doy Adwmipiy) (6.12)
J (Nimyj + 30 Aupij)
{ S N (Y — ﬂ?)(yij - ﬂﬁ)t‘F
. Y i Aa(my — 8 (z — k)t
Ek— Z 1 Pij l( M])( :u]) (613)

7 (A + 37700 Auipij)

We made simple modifications to the algorithm [6.4] to use these new update equa-
tions. Using this semi-supervised approach we can identify the sub-classes with minimal
additional training requirements. We now present the experimental results showing the

usefulness of the proposed approach.
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6.4 Experimental Results

We have conducted several experiments using simulated and as well as the real dataset.
Classification accuracy results were summarized in the form of contingency table. Ac-
curacy measures included are producers accuracy (P.Acc), users accuracy (U.Acc) and
overall accuracy (O.A), whose definitions can be found in citecong-91.

Dataset 1: The objective of first experiment on simulated data is to see performance
of proposed method in aggregate class classification and as well as finer class classifica-
tion. We used the parameters listed in Table to generate two distinct datasets. First
dataset consisted of 150 samples at 50 samples per class, and second dataset consisted
of 450 samples at 150 samples per class. We used first dataset for training and the

second dataset for testing. We conducted following three experiments.

G.Truth Ch Cy Cs P.Acc
Ch 141.00 4.00 5.00 94.00
Cy 1.00 147.00 2.00 98.00
Cs 1.00 1.00 148.00 98.67
U.Acc | 98.60 9671 9548 | (OA) 96.89
Table 6.6: Accuracy (All Classes)
G.Truth Ch Cs P.Acc
Cy 281.00 19.00 93.67
Cs 2.00 148.00 98.67
UAcc | 9929 83.62 | (OA) 95.33
Table 6.7: Accuracy (Cy,Cy — C1)
G.Truth Ch Cy Cs P.Acc
Cy | 132.00 11.00 7.00 88.00
Cy 1.00 147.00 2.00 98.00
Cs 1.00 1.00 148.00 98.67
U.Acc | 9851 9245 94.27 | (OA) 94.89
Table 6.8: Accuracy (C; — Cy,Cs)
G.Truth Ch Cs P.Acc
Cy | 291.00 9.00 97.00
Cs 2.00 148.00 98.67
U.Acc | 9932 94.27 | (OA) 97.56

Table 6.9: Accuracy (Cy; — C1,Cy — C4)
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Experiment 1: MAP classification was carried out using all three classes, whose
distribution is shown in Figure E4)(a). Test accuracy of MAP is shown in Table [E6

Ezxperiment 2: Classes Cp,Cy were combined into one aggregate class and class Cs
remained untouched. Resulting new class distributions were shown in Figure E4Y(b).
Test accuracy of MAP using aggregated class is shown in Table

Ezperiment 3: Our new algorithm was applied on the dataset generated in Exper-
iment 2. We tested both aggregate classification performance and as well as the finer
class performance. Newly discovered classes were shown in Figure B4(c). Test accuracy
of MAP using newly discovered classes is shown in Table B8 and the corresponding
aggregated class accuracy is shown in Table

Dataset 2: For the next set of experiments we used a spring Landsat 7 scene, taken
on May 31, 2000 over the Cloquet town located in Carlton County of Minnesota state.
The training dataset consisted of sixty plots and four aggregate classes, namely, For-
est(1), Agriculture(2), Urban(3), and Wetlands(4). We have an independent test dataset
consisting of 205 plots. Feature vectors were extracted from the Landsat image (6-
dimensional) by placing a 3 x 3 window at each of these plots.

Ezxperiment 4: Maximum likelihood classification is carried out using the conven-
tional approach and as well as the proposed approach using Datset 2. The results were
summarized in the following contingency tables (or error matrices).

Table 10 gives MLC accuracy using the standard approach and Table GBIl provides
the classification accuracy obtained by our proposed method. We regrouped the sub-
classes into the corresponding aggregate classes for testing the accuracy using same test
dataset (consisting of four aggregate classes).

Experiment 5: For this experiment, we collected labels at the rate of two plots per
sub-class. That is, of all the training plots available in an aggregate class we randomly
labeled only two plots per sub-class. For collecting unlabeled training samples, we
restricted random sampling to only those areas (pixels) where the aggregate model
predicted class labels with high confidence (probability grater than twice 1/number of
classes). We used same test dataset, but all the test samples in aggregate class were
relabeled with sub-class labels. Table shows sub-class classification accuracy for
‘forest’ class using only labeled training data and Table shows accuracy for the

same ‘forest’ sub-classes but with using unlabeled training samples and semi-supervised
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G. Truth 1 2 3 4 | P. Acc.
Forest(1) | 1475.00 9.00 28.00 0.00 97.55
Agriculture(2) 90.00 142.00 2.00 0.00 60.68
Urban(3) 0.00 0.00 45.00 0.00 | 100.00
Wetlands(4) 18.00 0.00 2.00 34.00 62.96
Users Acc. 93.18 94.04 58.44 100.00 91.92

Table 6.10: Accuracy (Aggregate Classes)
GT 1 2 3 4 | P. Acc.
Forest(1) | 1448.00 13.00 51.00 0.00 95.77
Ag.(2) 14.00 214.00 6.00 0.00 91.45
Urban(3) 0.00 0.00 45.00 0.00 100.00
Wet.(4) 3.00 0.00 13.00 38.00 70.37
U. Acc. 98.84 94.27 39.13 100.00 94.58

Table 6.11: Accuracy (Each aggregate class is modeled as a GMM)

classification algorithm.

G. Truth HW CF L/Wet P.Acc
HW  662.00 3.00 1.00 99.40

CF  20.00 201.00  40.00 77.01
L/Wet  56.00 19.00 321.00 81.06

U.Acc 89.70 90.13  88.67 (OA) 89.49

Table 6.12: MLC Accuracy (Forest Sub-classes: HW - hardwood, CF - Conifer, and
L/Wet - lowland /wetland forests)

6.4.1 Analysis

Accuracy assessment on simulated data shows interesting results. Bivariate density plot
shown in Figure[64l(a) and as well as hight test accuracy (Table [E8) shows that the three
classes were clearly separable. Aggregation of classes C1,Cy — C7 has increased the
overlap between the aggregate class C7 and C3 (see Figure E4l(b)), and this overlap has
resulted in more classification error (Table [E7) as compared to finer class classification
error. Our proposed algorithm on this aggregate data has discovered two sub-classes in
the aggregate class Cy (see Figure [£4)(c)) and the corresponding BIC value (for number
of clusters = 2) is maximum (Figure&.4(d)). The test accuracy of MAP classifier trained
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GT HW CF L/Wet P.Acc
HW 642.00 14.00 10.00 96.40
CF 9.00 245.00 7.00 93.87
L/Wet  11.00 2.00 383.00 96.72

U.Acc  96.98 9387 95.75 (OA) 95.99

Table 6.13: SSL Accuracy (Forest Sub-classes)

on newly discovered classes is given in the Table and the corresponding aggregated
class accuracy is shown in Table First, comparison of this accuracy table with
original classification accuracy (Table 6.6l reveals that the sub-classes discovered closely
corresponds to the original classes. Second, the aggregate (i.e., predicted sub-classes
were merged) classification accuracy with our new scheme is higher than the MAP on
original aggregate class classification (compare with Table 7). This study revels that
our new algorithm not only discovered sub-classes that are close to the original fine
classes (without providing any labeled training data) but also improved classification
accuracy of original aggregate classes.

Let us now compare the classification error matrices (Table and Table [E1T])
obtained on the remote sensing classification dataset. From these two tables, we can
see that our new procedure improved overall classification accuracy (OA) for the same
training dataset without any additional (sub-class related training) information. In
addition the new procedure automatically discovered sub-classes within each aggregate
class. In this (aggregate class) training dataset, our new procedure discovered four
additional component in the forest class, two additional components in the agriculture
class, and two additional components in the urban class. Figure shows BIC values
and corresponding bivariate density plots for four (max BIC) forest sub-classes.

Our preliminary investigation into the newly discovered sub-classes reveled very in-
teresting information. The four sub-classes discovered in aggregate forest class roughly
corresponds to the following information classes: hardwoods (HW), conifer (CF) and
two lowland/wetland forest classes (L/Wet). We used semi-supervised learning (SSL)
to classify these sub-classes (Experiment 5). We assigned two plots for each of the sub-
classes (HW and CF) and three plots for combined lowland/wetland forests. Table
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and T3 show the maximum likelihood (MLC) and semi-supervised (SSL) classification
accuracies respectively. As can be seen from these two tables, it is evident that using
very few labeled samples (2 plots/sub-class) and semi-supervised learning, it is possible
to accurately identify fairly large number of classes from remote sensing images as op-
posed to few aggregate classes. Semi-supervised learning improved overall classification

accuracy by almost 6.5%.

6.5 Related Work

Supervised methods are extensively used in remote sensing imagery classification [69,
h6]. Finite mixture model parameter estimation [70] for unlabeled samples is also
investigated extensively under various disguises. For example, semi-supervised learning
approaches are very close to the approach we presented in Section Well-known
studies in this area include, but not limited to [43, @4, 45, 65, 7). Model selection
approaches have also been extensively studied [1], [/2] and used in finding the number
of clusters [73]. However, most of the classification approaches are based on the basic
assumption that each class is described by a unique (unimodal) distribution. Even
when mixture models were employed, basic assumption is that each class is described a
single component in the mixture. We relaxed this basic assumption by modeling each
class a mixture and automatically estimated the mixture components and parameters.
We also showed that mixture assumption leads better discrimination of classes even
for aggregate class classification (for same training dataset) as inter-class (probability

distribution) overlap is reduced.

6.6 Conclusions

We identified an important practical classification problem that requires knowledge
discovery approaches for automatically discovering the sub-classes from the aggregate
classes. We developed a new classification scheme that automatically discovers the sub-
classes from the user given aggregate classes, without any additional labeled training
data for sub-classes. In addition, the procedure showed improvement in the classification

of aggregate classes as well (for same training dataset). This improvement can be
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attributed to the fact that the aggregate classes tend to increase the overlap between
class distributions. Our preliminary investigation also showed a strong correspondence
between sub-classes and true information classes. As can be seen from the experiments,
it is also possible to accurately identify fairly large number of classes from remote sensing
images with little additional ground truth efforts (as little as 2 plots/sub-class) and semi-
supervised classification approach presented in this paper. There is a great demand for
such additional information in many real world applications. Further experimentation
is needed to test the robustness of the proposed method. We are also investigating
the semantic relationships between various information classes that are common in this

domain which might help to automatically label these sub-classes.
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Figure 6.1: Finer Classes vs. Aggregate Classes (a) Sample Image (training plots for
two different crops), (b-c) Histograms (Fine vs. Aggregate) and (d-e) Corresponding
Bivariate Density plots.
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Chapter 7

Interpolation

7.1 Introduction

Remote Sensing and in situ data collection are two broad methods of acquiring earth
science data. Remote sensing provides continuous data of large geographic regions. Mul-
tispectral, multitemporal, multistage, and multisensor digital image data obtained from
remote sensing has proven to be invaluable in natural resource management. The U.S.
Forest Service (USFS) conducts periodic inventories to determine the extent, condition,
volume, growth and depletions of timber on the nation’s forest-land. Conventionally,
forest inventory data have been collected primarily by means of field surveys that con-
sists of numerous random plot locations where the attributes of interest (volume, growth,
number of trees) are measured on a per unit area basis. Exhaustive in situ data collec-
tion is very costly, time consuming and often infeasible due to adverse field conditions.
Forest inventory analysis (FIA) also utilizes remote sensing imagery to obtain initial
land-use classes. Ground plots are then used to adjust remote sensing samples and ob-
tain other estimates that can not be made from remote sensing samples. The primary
goal of FIA is to provide up-to-date information on forest resources, forming a basis
for realistic forest policies and programs. The FIA system has evolved over the last
60 years, adapting to the advances in forest inventory technology and to the changing
information needs of the public. The most significant changes in the FIA program in

several decades is the recent shift from periodic (10 year cycle) surveys to an annual
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system of field data collection [4], adaptation of a nationwide common sampling de-
sign, a uniform data structure for FIA inventories [75] and Internet access to the forest
inventory analysis database (FIADB).

Most of the databases (scientific, statistical, spatial), populated either from field
studies or experimental measurements, are based on statistical sampling techniques.
FIADB is one example, others include rainfall, temperature, soil, and climatic data.
Estimates from these point measurements can be generalized in a limited way over con-
tinuous surfaces such as counties, states, or regions. Geostatistical techniques are often
used to interpolate the unknown values at each location in a region of interest (ROI).
Over the years remote sensing analysis and inventory analysis took separate paths, and
very little research has been done to integrate both data sources to extend database
queries to small ROI. This chapter presents a generic framework to integrate satellite

imagery with FIADB to extend queries over any arbitrary ROI.

Problem Definition: The problem of estimating values at any area (point, ROI,

etc.) can be formulated as follows:

Given: We started with a set of sample plot locations (see fig. [[1]) and attribute
database (FIADB) that associates each plot location with observations of the attributes
of interest. The FIADB for the study area contains 2582 locations where the attributes
of interest were observed. Only a small random sample of all possible locations are con-
tained in the FIADB. The GISDB (satellite image) contains 24259794 cells that cover
the entire study area. Each cell in the GISDB contains spectral data.

Find: Generate estimates for any arbitrary ROI (see fig. [2])

Constraint: Minimize RM.S..;or.

The research contributions discussed in this chapter are described below.

Integration: We have integrated remote sensing and field observations (FIADB) using

a kNN algorithm to generate a field plot image database, which provides a framework
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Figure 7.1: Ground sample plots locations (FIADB) in the study area.

to generalize estimates (queries) for any arbitrary ROL.

Query generalization: Database queries are extended from discrete sampling space to a

continuous space using geostatistics and a field plot image database.

Internet access: The whole system is integrated into a Web enabled browsing and spatial
analysis system (WEBSAS), which provides easy access to the FIADB, Remote Sens-
ing and Spatial Databases. It allows browsing and displaying maps, generating spatial

queries in a browser environment and generating summary statistics for the end user.
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Figure 7.2: Queries involving unknown samples

7.2 System Architecture

The World Wide Web has become a popular vehicle for information distribution and
client/server applications. The increasing public need for online access to earth science
data products have prompted several researchers to design and build web based systems
to support online access, query and analysis of these scientific data products. Dobinson
et. al. [{6] have described a web based system for data discovery and access earth sci-
ence data products based on user defined spatial and temporal constraints, Ruixin et.
al. [[7] have described a user-friendly client/server web tool for online search, analysis
and ordering of earth science data products, and Vatsavai et.al. [{8] have described a
“load balancing client /server” web based spatial analysis system (WEBSAS) for nat-
ural resource analysis and mapping. Continued demand for online access and query
capabilities for FIADB have prompted us to integrate the techniques presented in the
following sections into the WEBSAS. Here we present only overall system architecture
for completeness of the discussion, but more details can be found in [78]. WEBSAS

was built on standard 3-tier client/server architecture.

Tier 1: The Client. In general, the client is any standard Web browser. The front-end
system provides easy to use graphical user interface using standard HTML tags and Java
scripts. The browser constructs the Universal Resource Locator (URL) from user input,
opens an HTTP connection with the server, and renders the results retrieved from the
server. The WEBSAS client also consists of several applets which locally perform the
rendering of geographic elements and certain geospatial analysis tasks based on the load

balancing criterion.
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Tier 2: The Application Server. The application server is the core component
of WEBSAS. It is build around MapServer [79], loosely coupling several geospatial
analysis and database access components. The URL is parsed and the appropriate
geospatial analysis operation is initiated or reformulated into an appropriate query for
the geospatial database engine. The results (optionally with appropriate processing and
rendering applets) will be restructured and returned to the client in a format understood
by the browser.
Tier 3: The Geospatial Database Access System. This layer is based on an open
architecture which provides hooks to several standard raster and vector file formats,

and relational database systems. The overall system architecture of WEBSAS is shown
in fig.
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7.2.1 Data Sources

In this section we briefly discuss preprocessing and data characteristics of the remote
sensing imagery and FIADB.

Satellite image data: Multitemporal (September 25, 1987; March 3, 1988; June 7,
1998) Landsat images (row 26, 27 and path 27) covering Saint Louis county in Min-
nesota, have been geometrically corrected and re-projected to Universal Transverse Mer-
cator (UTM) projection. The images were stacked together to form a 18 channel (3 *
6 channels - blue, green, red, near infra-red(IR), mid IR, mid IR) image. A false color

composite image is shown in fig. [[4

Figure 7.4: Landsat TM image

FIADB: The inventory database for this study area is part of the FIA Aspen-Birch
Unit and included 2582 forested field plots. Each plot is approximately 1 acre in area
and consists a 10-point clusters. These plots were pre-processed to eliminate the plots in

non-reserved forest land-use class. The resulting sampling intensity was approximately
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0.0009 plot/hectare [R0]. The FIADB was organized into several hierarchical tables in
Oracle RDBMS. We have utilized the following four tables, whose description is give

below.

Table Important attributes

COUNTY | State and County Codes, Unit name, ..

PLOT Plot id, Cycle, Lat, Lon, Elevation,
Expansion, Growth, Volume factors, ..

COND Condition proportion, land class,
reserved status, owner, forest type,
density, stand size, slope, aspect, ..

TREE Tree status, Species code, diameter
height of diameter, tree class,
damaging agents, trees per acre,
net cubic volume flag, ..

7.3 Geostatistics

Estimating the value of an attribute at an un-sampled location is relatively easy, but
getting accurate estimates is a challenging task. Until the early 90s, techniques such
as Thiessen polygons, arithmetic average and inverse distance based interpolation were
commonly used to estimate unknown values. These estimates are often inaccurate
because they don’t take into account nonuniform variability over space and time. Geo-
statistics [8T], which is based on the theory of regionalized variables [82], is increas-
ingly used because it takes into account the spatial dependence (or spatial correlation)
of neighboring observations for estimating attribute values at un-sampled locations.
Several studies in ecology, forestry, geology, biology and epidemiology have shown that
geostatistics provides better estimates than conventional methods. Ordinary kriging and
several other variants are the most widely-used interpolation methods in geostatistics.
In general, kriging predicts missing values at un-sampled locations by taking a weighted
linear average of available samples. Kriging attempts to minimize the the expected error
by inferring the variance from an empirical model of spatial dependence with distance

and direction; the unique model is known as a semi-variogram. The variogram is given
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1(h) = S B2 () — Z(x + W)Y (1)

where Z(x) denotes the continuous variable (attribute) at x, and h denotes separa-
tion, i.e. the distance between two plots. Practically, the variogram is estimated by a

series of observations z(x;)

n(h)

) = 5y o) = =i+ )Y (7.2

~

where N(h) denotes the number of pairs of points in the distance interval h. This
estimated variogram is fitted to a suitable model v(h), often using nonlinear regression.
This experimental variogram provides weights for the ordinary kriging predictor. The

ordinary kriging predictor can be written as a weighted average of n observations

B(zo) = ) Ai- 2(wi), (7.3)
=1

where ); denotes the weight of the i*" observation. Detailed treatment of kriging
and its variants can be found in [83].

In several studies, geostatics were successfully employed as an interpolation tech-
nique for generating estimates at un-sampled locations. Goovaerts [84] has extensively
studied the application of geostatistics in soil sciences. Nalder et. al. [85] have com-
pared several kriging variants and gradient-pulse-inverse distance squared (GIDS) tech-
niques for spatial interpolation of climatic normals. Collins et. al. [86] have conducted
a comparative study of several spatial interpolation techniques for meteorological data.
Most of these studies have employed domain specific systems (e.g. GIS or Spatial Statis-
tical packages) or specifically written software. Very little work has done in the database
community to handle interpolated data.

Recently, Stephne Grumbach et. al. [87] have studied the management of inter-
polated data in a relational database framework. Their approach was to separate the
complexities of data organization and the operation of interpolation functions on the
data. One nice feature of their model is that queries can be expressed in standard

relational query language, such as SQL. Instead of integrating interpolation operators
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into SQL, we have separated separated the geostatistical analysis and database access

for the following reasons:

Portability Incorporation of geostatistical functions (predicates) into SQL is imple-
mentation specific; by separating processing logic and integrating it into the ap-
plication, we can achieve greater portability. Also, for reasons to be explained in

next section, it is necessary to separate them.

Visualization Often the results are graphical in nature, such as plots or images, and
can’t be handled directly by SQL.

Limitations: Interpolation-based techniques may look simple and straightforward, but
they do have several limitations. First, the phenomena being interpolated must be
truly continuous. Secondly, the sampling must be done at a sufficient density to reflect
the continuous nature of the phenomena. In reality, these conditions may hold or may
not hold. Kriging assumes that the variogram is accurate over the entire study area.
So the accuracy of Kriging is directly related to the accuracy of the variogram. Also,
field observations are considered to be an accurate representation of an area, but the
real world is dynamic. Tree species distribution is affected by several factors, such
as environmental conditions, the direct and indirect influence of humans, and land-
use practices. These factors can’t be effectively taken into consideration without the
aid of some additional data sources and knowledge. Remote sensing offers potential
for improving estimates, because it provides multi-spectral, high spatial and temporal
coverage of broad geographic regions. In the next section, we present a framework for
integrating remote sensing imagery and field data to accurately estimate the attributes

under study for any arbitrary region of interest.

7.4 kNN based integration

Forest monitoring systems utilize classification techniques for propagating field plot in-
formation through the landscape, local estimation and wall-to-wall mapping of forest
variables (e.g. basal area, volume, forest type). The design-based regression estimator
is a well known technique for estimating land-use patterns at regional scales (e.g. na-

tional, state) using remote sensing and field data [88], [89]. However, the design-based
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regression estimator techniques can’t be extended to local scales (counties, PLSS) due
to the small sample sizes in small areas. kINN-based classification of remote sensing
imagery using field plot information for estimation of forest variables at local scales was
first described by [90]. Recently John Holmgren et. al. [91] have used a weighted kNN
method for estimating stem volume and basal area at the local scale (compartments) by
combining satellite image data with measurements from forest inventory plots. Hector
et. al. [80] used a kNN-based approach for forest cover type mapping at local scale
by combining Landsat TM imagery and FIA field plot information, and for wall-to-wall
mapping of forest-stand density and volume [92]. The main objectives of these studies
were to produce wall-to-wall mapping of a few forest variables and accurate estimates
of these variables (or attributes) at local scales.

To the best of our knowledge based on a literature survey, there have been no previ-
ous studies that combined remote sensing imagery and field (sample plot) information
in a database environment. Our study was also motivated by the fact that wall-to-wall
mapping approaches don’t capture the complex query results that can be generated
from a database, such as acres by site index and forest cover type.

In this section, we present a kNN based framework for integrating satellite remote
sensing imagery and field information (FIADB) to generate a FIA plot-id image. Basic

kNN based integration is shown in algorithm 1.

Algorithm 1: Generate FIA plot image using kNN.

1. Extract FIA plot-id and coordinates from FIADB.
plot-id[], x[], y[] <
SELECT p.plot, p.lat, p.lon
FROM Plot p
WHERE p.countycd = ’137” and ....

2. Convert geographic coordinates (latitude, longitude)
into image (UTM projected) coordinates.

img x[], imgy[] « geoto-utm(x[}, y[)

3. Extract spectral reflectance values (DN) at a 3x3 window
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centered on each FIA plot location from Landsat images
and compute mean values to generate spectral signatures.
signaturel][] <« mean(id[], DNJ][])

4. For each pixel(x, y), generate the pixel vector.

pixel[] < DN; where i = 1,2,.. Number of channels

5. Compute the Euclidean-distance between pixel[] and
each spectral signature (signature[][]).

distance[plot-id[]] < euc_dist(pixel[], plot-id[])

6. Assign output pixel(x, y) (opixel) the closest FIA plot-id.

opixel(x, y) « min(distancel])

7. Repeat 3 until all pixels have been scanned.

At each FIA plot location, spectral signatures were extracted from the Landsat (fig
[C3) image. Then the distance between each pixel signature in the input image (pixel[])
and each FIA plot signature (signature[]) in multi-dimensional spectral space (fig: [Z0)

is computed. The Euclidean distance in vector form is give as
dx,m;)? = (x —my) - (x —my)i =1,..M (7.4)

where x is the position of unknow sample, and m;j,7 = 1,...M are the mean signa-

tures of M classes (i.e. M number of FIA plots).

Sample signatures were shown in the following table.

Plot Signature (Mean of 3x3 window)

957 6226 29 63 91 29 165 38 .... 23
958 5823 225249 17 100 39 .... 22
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965 51201532249 10642 .... 20

The pixel is then assigned the closest FIA plot-id. The resulting plot-id image is
shown in fig. [C7 This image is then used in database queries for estimating variables

(attributes) at local scales. Example queries can be found in the next section.

7.5 (Generalizing Queries

In this section we present example queries for estimating attributes at unknown sample

points, rectangular ROI, and arbitrary ROI (e.g. a census block).
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Figure 7.6: kNN Assignment

7.5.1 Generic Database Query

The following is a generic database query for estimating timber area by forest type
in a given county. We can generalize the query up to the county level directly with
SQL, because FIA associates with each plot the county code, and provides the current
plot expansion factor (ezpcurr). Area estimates are summed across a condition or plot
level variable such as ownership and land class. Estimates of numbers of trees, volume,
and biomass are summed across tree level variables such as species or tree class. Area
estimates are calculated by multiplying expcurr by the proportion of the plot in a
condition (condprop). These conditions are expressed in WHERE clause (lines 24 to 34).
Refer to FIADB database description and user’s manual [75] for a detailed explanation
of the algorithms used to compute various estimates.

The major limitation with these algorithms is that we can’t find estimates at an
un-sampled location in the county or any region (for e.g. a census block in a county)
or any user defined arbitrary region of interest. However the plot-id image database
generated using the k-NN algorithm can be used to generalize the queries over any
arbitrary ROI. Example queries 2 to 4 show how to estimate attributes at any arbitrary

point, rectangular ROI or polygon, respectively. The conditions (line 25-34) in the



Figure 7.7: Plot-id image generated kNN algorithm

WHERE clause may slightly vary for each of the queries in section 5.

01 SELECT forest_type, sum(area) Acres_timberland

02 FROM

03 (SELECT

04 DECODE(c.fortyped,

05 101 , ’101 Jack pine’,

06 102 , ’102 Red pine’,

07 103 , ’103 Eastern white pine’,
08 121, '121 Balsam fir’,

09 122 , ’122 White spruce’,

10 125, ’125 Black spruce’,

11 126 , '126 Tamarack’,

12 127 , ’127 Northern white-cedar’,
13 381 , ’381 Scotch pine’,

111
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14 500 , '500 Oak-hickory’,

15 700 , '700 Elm-ash-soft maple’,
16 800 , "800 Maple-basswood’,
17 901 , 901 Aspen’,

18 902 , ’902 Paper birch’,

19 904 , ’904 Balsam poplar’,

20 999 , "999 Non stocked’,

21 ’000 Missing’) forest_type,

22 p.expcurr area

23 FROM r_plot p, r_cond ¢

24 WHERE

25 c.plot = p.plot and

26 c.countycd = p.countycd and
27 c.unitcd = p.united and

28 c.cycle = p.cycle and

29 c.statecd = p.statecd and

29 p.cycle = 5 and

30 p-statecd = 27 and

31 p-united = 1 and

32 c.landcled = 1 and

33 c.sitecled in (1,2,3,4,5,6) and
34 reserved > 0)

35 group by forest_type

7.5.2 Point Query

In this section we present a point query involving an unknown sample location (fig. [C2(a)).
In a point query, the user selects a point location involving unknown sample. This loca-
tion is encoded into the URL and the request is sent to the server. The server extracts
the point coordinates from the URL and reads the plot-id from the plot-id image file.
This plot-id is substituted for plot (line 05), and the appropriate FIA algorithm is ap-
plied to estimate the required attributes, and the results will be sent back to the client.

The following simplified SQL statement computes the area by forest type.

01 SELECT c.fortypcd, p.expcurr
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02 FROM fia.plot p, fia.cond ¢

03 WHERE

04 (lines 25-34 from query in 5.1)
05 and c.plot = plot-id

06 GROUP BY c.fortypcd

7.5.3 Region Query

In this section we present a query to obtain estimates of area by forest cover type
and size classes for any region (a rectangular window) selected by the user. The server
extracts the bounds of the region and the rectangular window is read from plot-id image
and a plot-id histogram (frequency) is generated. The unique plot-ids are substituted
for plot-id-list (line 05) in the following SQL statement, and the resulting data is used

to estimate the area using FIA algorithms and the plot-id frequency.

01 SELECT c.fortypcd,

02 sum( (stdszed = 1) * p.expcurr) Sawtimber,
03 sum( (stdszed = 2) * p.expcurr) Poletimber,
04 sum( (stdszed = 3) * p.expcurr) Seedling_Sapling,
05 sum( (stdszed = 4) * p.expcurr) Nonstocked,
05 sum(p.expcurr) Total_acres_timberland,

02 FROM fia.plot p, fia.cond ¢

03 WHERE

04 (lines 25-34 from query in 5.1)

05 and c.plot in (plot-id-list)

06 GROUP BY c.fortypcd

7.5.4 Polygon Query

In general polygon queries are more involved to compute. The user will display a
polygonal map (e.g. public land survey system (PLSS)) and select a unit (polygon)
for which FIA estimates are needed. The server extracts all the FIA plot-ids from the
plot-id images (using point in polygon algorithm). After that, the estimation procedure

is same as in region query described above.

01 SELECT c.fortypcd, p.expcurr,
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02 t.tpacurr, t.netcfv

02 FROM fia.plot p, fia.cond, c fia.tree t
03 WHERE

04 (lines 25-34 from query in 5.1)

05 and c.plot in (plot-id-list)

06 GROUP BY c.fortypcd

7.6 Analysis

Spatial interpolation and kNN based integration for extending queries can be imple-
mented in two broad ways. Interpolated data can either be stored explicitly (full mate-
rialization) in the database, or it can be computed from the sample data on-the-fly by
applying any interpolation function. Alternatively, computationally intensive steps may
be done in advance to produce intermediate results which are then used during query
processing to determine generalized attributes. Full materialization on all attributes
will result in a huge database, but we can get a good query response time. The amount

of data generated is given by the following equation.
Size; = Lines x Pixels x Size(a;). (7.5)

For example, interpolation on volume attribute results in an image of 110 MB (3626
pixels * 7601 lines * 4byte/pixel). Also the number of lines and pixels depend on the
resolution of interpolation (30 meters in this case). Finer resolution (half the resolu-
tion will result in a 4 times bigger image) will greatly effect the data size and as well
the compute time. On the other hand, if the interpolation is done at query time, the
computational costs are high, but the data storage requirements are minimum. Finally,
if we pre-compute certain compute intense tasks (like kNN), and attribute estimation
is done at query time, we can get optimum performance from the system. The empiri-
cal relationship between query response time and storage requirements for these three
options are shown in the figure

The kNN based integration framework presented in this chapter is very generic.
A simple lookup table substitution will result into a wall-to-wall mapping procedures
described in [80]. Also, the accuracy of estimates obtained by kNN approach are better

than spatial interpolation based estimates. In another wall-to-wall forest cover mapping
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Figure 7.8: Performance of materialization choices

for this study area using KNN approach, it is found that the cross-validation estimator of
overall accuracy is 0.47 and the bootstrap 0.632+ estimator of overall accuracy is 0.52.
For more details on accuracy procedures and estimates refer to [80]. Also kNN is one of
several possible approaches for integration of RS imagery with FIADB. The limitations
of kNN method are well know when the data set contains noise. Also kNN favors
spherical clusters. If the class distribution in spectral feature space is not spherical,
then accuracy of plot assignment will be degraded. The methodology presented in
this chapter is very generic. One can replace the kNN method with neural networks
or any appropriate classification algorithm. The choice of algorithm depends on the
kind of data we are dealing with and the application in hand. We have chosen kNN
because of its wide-spread use in this application domain. The queries presented here are
representative of several possible queries. More detailed description of several queries
on FTADB can be found in [75]. All these queries can be extended to any arbitray ROI
using the framework presented in this chapter without any modifications to the system.

We only need to incorporate these new queries in a template file.
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7.7 Conclusions

We have presented a kNN based algorithm to integrate remote sensing imagery and
inventory database to extend queries involving unknown samples. We have presented
several example queries that arise from practical situations. This methodology is inte-
grated into a WebGIS, which provides browsing, mapping, analysis and query capabil-
ities for Internet users [93]. The integrated approach provides better estimates than
interpolated data using geostatistics. However, estimates are as accurate as the accu-
racy of finding the closest FIA plot at an unknown sample location. Because of the
time lag between the sample data collection (inventory) and remote sensing acquisition,
data at some of the plots may have changed (e.g. timber harvesting, damage due to
insects etc). Research is needed in automatically detecting those changes and eliminat-
ing the changed plots from training data. Also, we have used a 3x3 window at each
location for generating mean spectral plots, this approach eliminates noise (often arise
due to mis-registration), but better approaches like region growing algorithms may help
to improve the overall accuracy of the estimates. We are also interested in investigating
other classification algorithms, like neural networks, for integration of heterogeneous
and disparate databases. Selective materialization (e.g. plot-id image using compute
intense kNN), integration of disparate data sources, and the load-balancing nature of
WEBSAS have resulted in an efficient system for extending queries against inventory

data to any arbitrary regions of interest.



Chapter 8

Spatial Semi-supervised Learning

8.1 Introduction

Widespread use of spatial databases [94], an important subclass of multimedia databases,
is leading to an increasing interest in mining interesting and useful but implicit spatial
patterns[95, 06, 97, O8]. Traditional data mining algorithms[I7] often make assumptions
(e.g. independent, identical distributions) which violate Tobler’s first law of Geography:
everything is related to everything else but nearby things are more related than distant
things[I8]. In other words, the values of attributes of nearby spatial objects tend to
systematically affect each other. In spatial statistics, an area within statistics devoted
to the analysis of spatial data, this is called spatial autocorrelation[19]. Knowledge dis-
covery techniques which ignore spatial autocorrelation typically perform poorly in the
presence of spatial data. The simplest way to model spatial dependence is through spa-
tial covariance. Often the spatial dependencies arise due to the inherent characteristics
of the phenomena under study, but in particular they arise due to the fact that imaging
sensors have better resolution than object size. For example, remote sensing satellites
have resolutions ranging from 30 meters (e.g., Enhanced Thematic Mapper of Landsat 7
satellite of NASA) to one meter (e.g., IKONOS satellite from Spacelmaging), while the
objects under study (e.g., Urban, Forest, Water) are much bigger than 30 meters. As
a result, the per-pixel-based classifiers, which do not take spatial context into account,
often produce classified images with salt and pepper noise. These classifiers also suffer

in terms of classification accuracy.
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There are two major approaches for incorporating spatial dependence into classifi-
cation/prediction problems. They are spatial autoregression models [20], [21], [22],
23], [24], 5] and Markov Random Field models [26], [27], 28], [29], [30], [31,
B2]. Here we want to make a note on the terms spatial dependence and spatial context.
These words originated in two different communities. Natural resource analysts and
statisticians use spatial dependence to refer to spatial autocorrelation and the image
processing community uses spatial context to mean the same. We use spatial context,
spatial dependence, and spatial autocorrelation interchangeably to relate to readers of
both communities. We also use classification and prediction interchangeably. Natural
resource scientists, ecologists and economists have incorporated spatial dependence in
spatial data analysis by incorporating spatial autocorrelation into logistic regression
models (called SAR). Spatial Autoregressive Regression (SAR) model states that the
class label of a location is partially dependent on the class labels of nearby locations
and partially dependent on the feature values. SAR tends to provide better models
than logistic regression in terms of achieving higher confidence (R?). Similarly Markov
Random Fields (MRFs) is a popular model for incorporating spatial context into im-
age segmentation and land-use classification problems. Over the last decade, several
researchers [31], [29], [B2] have exploited spatial context in classification using Markov
Random Fields to obtain higher accuracies over their counterparts (i.e. non-contextual
classifiers). MRFs provide a uniform framework for integrating spatial context and
deriving the probability distribution of interacting objects.

There is little literature comparing alternative models for capturing spatial context,
hampering the exchange of ideas across communities. For example, solution procedures
[23] for SAR tend to be computationally expensive just like the earlier stochastic relax-
ation [28] approaches for MRF despite optimizations such as sparse-matrix techniques
[24], [25]. Recently new solution procedures, e.g. graph cuts [26], have been proposed
for MRF. An understanding of the relationship between MRF and SAR will facilitate
the development of new solution procedures for SAR. It will also likely lead to cross
fertilization of other advances across the two communities.

We compare the SAR and MRF models in this paper using a common probabilistic
framework. SAR makes more restrictive assumptions about the probability distribu-

tions of feature values as well as the class boundaries. We show that SAR assumes the
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conditional probability of feature value given a class label belongs to an exponential
family, e.g. Gaussian, Binomial, etc. In contrast MRF models can work with many
other probability distributions. SAR also assumes the linear separability of classes in
a transformed feature space resulting from the local smoothing of feature values based
on autocorrelation parameters. MRF can be used with non-linear class boundaries.
Readers familier with classification models which ignore spatial context may find the
following analogy helpful. The relationship between SAR and MRF is similar to the

relationship between logistic regression and Bayesian classification.

Let us revise our problem definition by relaxing the i.i.d. assumption.

8.1.1 Spatial Semi-supervsied Learning: Problem Formulation

Given:
A spatial framework S consisting of sites s;; ordered as an [ x p matrix, where [ is
the number of lines and p is the number of pixels, and {1 <i <[, 1 < j < p}.

A d—dimensional feature vector at each site s;;, is represented by x;;, where x;;

is a continuous random variable.

A set of discrete labels Y = {y1,...,yr}, where k is the total number of distinct
labels

Training Dataset D = D; U D,;, where D; contains labeled training plots and

D,; contains unlabeled training plots.

A parametric model (e.g., Gaussian).
Find:

Estimate parameter vector © (e.g., {j;, 2i})-
Objective:

Maximize complete data log-likelihood L(O).

Assumptions:
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A1 The size of the labeled training dataset is less than 10 to 30 times the number

of dimensions
A2 Thematic classes are separable
A3 Classes are not unimodal
A4 Feature vectors are correlated.

A5 D; and D, samples are generated by GM M; and GM M,,.

Before getting into the spatial semi-supervsied algorithm, we look at two competing

spatial classification methods and make theoretical comparisons between them.

8.2 Classification Without Spatial Dependence

In this section we briefly review two major statistical techniques that have been com-
monly used in the classification problem. These are logistic regression modeling and
Bayesian classifiers. These models do not consider spatial dependence. Readers famil-

iar with these two models will find it easier to understand the comparison between SAR
and MRF.

8.2.1 Logistic Regression Modeling

Given an n—vector y of observations and an n x m matrix X of explanatory data,

classical linear regression models the relationship between y and X as
y=XG+e.

Here X = [1,X] and 3 = (Bo,...,3n)!. The standard assumption on the error
vector € is that each component is generated from an independent, identical, zero-mean
and normal distribution, i.e., ¢; = N(0,02).

When the dependent variable is binary, as is the case in the “bird-nest” example, the
model is transformed via the logistic function and the dependent variable is interpreted
as the probability of finding a nest at a given location. Thus, Pr(l|ly) = % This
transformed model is referred to as logistic regression [20].

The fundamental limitation of classical regression modeling is that it assumes that

the sample observations are independently generated. This may not be true in the case
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of spatial data. As we have shown in our example application, the explanatory and
the independent variables show a moderate to high degree of spatial autocorrelation.
The inappropriateness of the independence assumption shows up in the residual errors,
the ¢;’s. When the samples are spatially related, the residual errors reveal a system-
atic variation over space, i.e., they exhibit high spatial autocorrelation. This is a clear
indication that the model was unable to capture the spatial relationships existing in
the data. Thus the model may be a poor fit to the geospatial data. Incidentally the
notion of spatial autocorrelation is similar to that of time autocorrelation in time series
analysis but is more difficult to model because of the multi-dimensional nature of space.
A statistic that quantifies spatial autocorrelation is introduced in the spatial autore-
gression model (SAR). Inaddition, a logistic regression based classifier is equivalent to

a perceptron [99], [I00], [2] which can only separate linearly separable classes.

8.2.2 Bayesian Classification

Bayesian classifiers use Bayes’ rule to compute the probability of the class labels given
the data:

Pr(X|l;)Pr(l;)
Pr(X)

In the case of the location prediction problem, where a single class label is predicted

Pr(l;|X) = (8.1)

for each location, a decision step can assign the most-likely class chosen by Bayes’ rule
to be the class for a given location. This solution is often referred to as the maximum
a posteriori estimate(MAP).

Given a learning data set, Pr(l;) can be computed as a ratio of the number of
locations s; with fr,(s;) = l; to the total number of locations in S. Pr(X|l;) also can be
estimated directly from the data using the histograms or a kernel density estimate over
the counts of locations s; in S for different values X of features and different class labels
l;. This estimation requires a large training set if the domains of features fx, allow a
large number of distinct values. A possible approach is that when the joint-probability
distribution is too complicated to be directly estimated, then a sufficiently large number

of samples from the conditional probability distributions can be used to estimate the
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statistics of the full joint probability distributionEl . Pr(X) need not be estimated
separately. It can be derived from estimates of Pr(X]|l;) and Pr(l;). Alternatively it
may be left as unknown, since for any given dataset, Pr(X) is a constant that does not

affect the assignment of class labels.

Classifier
Criteria Logistic Regression Bayesian
IHPUt fxn"'akavfl lev"'5kavfl
Intermediate Result [E] Pr(l;), Pr(X|l;) using kernel esti.
Output Pr(l;]X) based on Pr(l;]X) based on Pr(l;) and Pr(X|l;)
Decision Select most likely class Select most likely class

for a given feature value | for a given feature value
Assumptions
- Pr(X|l;) Exponential Family -
- class boundaries linearly separable -

in feature space
- autocorrelation in class labels | none none

Table 8.1: Comparison of Logistic Regression and Bayesian Classification

Table BJlsummarizes key properties of logistic regression based classifiers and Bayesian
classifiers. Both models are applicable to the location prediction problem if spatial au-
tocorrelation is insignificant. However, they differ in many areas. Logistic regression
assumes that the Pr(X + [;) distribution belongs to an exponential family (e.g., Bino-
mial, normal) whereas Bayesian classifiers can work with arbitrary distribution. Logistic
regression finds a linear classifier specified by G and is most effective when classes are not
linearly separable in feature space, since it allows non-linear interaction among features
in estimating Pr(X]|l;). Logistic regression can be used with a relatively small training
set since it estimates only (k + 1) parameters, i.e. . Bayesian classifiers usually need
a larger training set to estimate Pr(X]|l;) due to the potentially large size of feature
space. In many domains, parametric probability distributions (e.g., normal [31], Beta)

are used with a Bayesian classifiers if large training datasets are not available.

1 While this approach is very flexible and the workhorse of Bayesian statistics, it is a computationally
expensive process. Furthermore, at least for non-statisticians, it is a non-trivial task to decide what
“priors” to choose and what analytic expressions to use for the conditional probability distributions.
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Figure 8.1: A spatial framework and its four-neighborhood contiguity matrix

8.3 Modeling Spatial Dependencies

Modeling of spatial dependency (often called context) during the classification process
has improved overall classification accuracy in several previous studies. Spatial context
can be defined by the correlations between spatially adjacent pixels in a small neigh-
borhood. The spatial relationship among locations in a spatial framework is often mod-
eled via a contiguity matrix. A simple contiguity matrix may represent the neighbor-
hood relationship defined using adjacency, Euclidean distance, etc. Example definitions
of neighborhood using adjacency include four-neighborhood and eight-neighborhood.
Given a gridded spatial framework, the four-neighborhood assumes that a pair of loca-
tions influence each other if they share an edge. The eight-neighborhood assumes that
a pair of locations influence each other if they share either an edge or a vertex.

Figure BJl(a) shows a gridded spatial framework with four locations, namely A, B,
C, and D. A binary matrix representation of a four-neighborhood relationship is shown
in Figure BJ(b). The row normalized representation of this matrix is called a contiguity
matrix, as shown in Figure RIlc). Other contiguity matrices can be designed to model
neighborhood relationship based on distance. The essential idea is to specify the pairs
of locations that influence each other along with the relative intensity of interaction.
More general models of spatial relationships using cliques and hypergraphs are available

in the literature [32].
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8.3.1 Spatial Autoregression Model(SAR)

We now show how spatial dependencies are modeled in the framework of regression
analysis. In spatial regression, the spatial dependencies of the error term, or, the de-
pendent variable, are directly modeled in the regression equation[20)]. If the dependent
values y| are related to each other, i.e., y; = f(y;) @ # j, then the regression equation

can be modified as

y=pWy+ X3 +e (8.2)

Here W is the neighborhood relationship contiguity matrix and p is a parameter
that reflects the strength of spatial dependencies between the elements of the dependent
variable. After the correction term pWy is introduced, the components of the residual
error vector € are then assumed to be generated from independent and identical standard
normal distributions. As in the case of classical regression, the SAR equation has to be
transformed via the logistic function for binary dependent variables.

We refer to this equation as the Spatial Autoregressive Model (SAR). Notice
that when p = 0, this equation collapses to the classical regression model. The benefits
of modeling spatial autocorrelation are many: The residual error will have much lower
spatial autocorrelation, i.e., systematic variation. With the proper choice of W, the
residual error should, at least theoretically, have no systematic variation. If the spatial
autocorrelation coefficient is statistically significant, then SAR will quantify the pres-
ence of spatial autocorrelation. It will indicate the extent to which variations in the
dependent variable (y) are explained by the average of neighboring observation values.
Finally, the model will have a better fit, i.e., a higher R-squared statistic. We compare
SAR with linear regression for predicting nest location in Section 4.

A mixed model extends the general linear model by allowing a more flexible speci-

fication of the covariance matrix of e. The mixed model can be written as

y=XB+Xy+e (8.3)

where v is the vector of random-effects parameters. The name mized model comes
from the fact that the model contains both fixed-effects parameters, 3, and random-

effects parameters, 7. The spatial autoregressive model (SAR) can be extended to a
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mixed model that allows for explanatory variables from neighboring observations [22].
The new model (MSAR) is given by

y=aWy+ X+ WX~vy+e. (8.4)

The marginal impact of the explanatory variables from the neighboring observations

on the dependent variable y can be encoded as a k * 1 parameter vector .

Solution Procedures

The estimates of p and 8 can be derived using maximum likelihood theory or Bayesian
statistics. We have carried out preliminary experiments using the spatial econometrics
matlab packageH , which implements a Bayesian approach using sampling-based Markov
Chain Monte Carlo (MCMC) methods[23]. Without any optimization, likelihood-based
estimation would require O(n?) operations. Recently [4], [25], and [22] have proposed
several efficient techniques to solve SAR. The techniques studied include divide and
conquer, and sparse matrix algorithms. Improved performance is obtained by using LU
decompositions to compute the log-determinant over a grid of values for the parameter

a by restricting it to [0, 1].

8.3.2 Markov Random Field Classifiers

A set of random variables whose interdependency relationship is represented by a undi-
rected graph (i.e., a symmetric neighborhood matrix) is called a Markov Random Field
[B0]. The Markov property specifies that a variable depends only on the neighbors and
is independent of all other variables. The location prediction problem can be modeled
in this framework by assuming that the class label, fr(s;), of different locations, s;,
constitute an MRF. In other words, random variable f7,(s;) is independent of fr,(s;) if
W (si,s5) = 0.

The Bayesian rule can be used to predict fr(s;) from feature value vector X and

neighborhood class label vector Lj; as follows:

Pr(X(si)ll(si), L\U(si) Pr(I(si)|[L\L(si))

Pr(l(si)| X, L\l(s:)) = Pr(X(s;))

(8.5)

2 We would like to thank James Lesage (http://www.spatial-econometrics.com/) for making the
matlab toolbox available on the web.
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The solution procedure can estimate Pr(l(s;)|L\l(s;)) from the training data by
examining the ratios of the frequencies of class labels to the total number of locations
in the spatial framework. Pr(X(s;)|l(s;), L\l(s;)) can be estimated using kernel func-
tions from the observed values in the training dataset. For reliable estimates, even
larger training datasets are needed relative to those needed for the Bayesian classifiers
without spatial context, since we are estimating a more complex distribution. An as-
sumption on Pr(X(s;)|l(s;), L\l(s;)) may be useful if large enough training data set is
not available. A common assumption is the uniformity of influence from all neighbors
of a location. Another common assumption is the independence between X and Ly,
hypothesizing that all interaction between neighbors is captured via the interaction in
the class label variable. Many domains also use specific parametric probability distri-
bution forms, leading to simpler solution procedures. In addition, it is frequently easier
to work with the Gibbs distribution specialized by the locally defined MRF through the
Hammersley-Clifford theorem [I01].

Solution Procedures

Solution procedures for the MRF Bayesian classifier include stochastic relaxation [2§],
iterated conditional modes [102], dynamic programming [T03], highest confidence first
[27] and Graph cut [26]. We have used the graph cut method and provided its descrip-
tion in Appendix I.

8.4 Modeling Spatial Dependencies using Markov Ran-
dom Fields

Modeling of spatial dependency (often called context) during the classification process
has improved the overall classification accuracy in several previous studies. Spatial
context can be defined by the correlations between spatially adjacent pixels in a small
neighborhood. The classification problem with MRF is formulated as follows.

A Markov Random Field is used to model the spatial context in Pr(l;). For a
Markov Random Field L, the conditional distribution of a point in the field given all
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Figure 8.2: Second order cliques

other points is only dependent on its neighbors; given as

Pr(G, )k, 0); k13 # {i, 5} = Prd(,5)lk,1); k,leN) (8.6)

where N is the local neighborhood of pixel at (i,5). Now the problem is how to
incorporate this MRF locality property into the MAP solution given in eq Gibbs
Random Fields (GRF) provide an easy way of incorporating this neighborhood infor-
mation. GRF's are defined in terms of the joint distribution of random variables, which
are easier to compute, as opposed to the conditional distribution given by MRFs. A

Gibbs distribution for a given clique is defined as:

Pr(l) = %e—%ECVcU) (8.7)

where V(1) is the potential associated with clique ¢, and C' is the set of all cliques.
A clique is defined as a subset of points in X such that if a and b are any two points
contained in clique ¢, then a and b are neighbors. Simply, cliques are specific groups of
neighbors. A clique can be a single pixel, or two or more pixels such that each pixel is
an immediate neighbor of the other [32]. Second order cliques are shown in Figure

According to the Hammersley-Clifford theorem [I0T], there is a one-to-one cor-
respondence between MRFs and GRFs. Therefore, if Pr(l) is formulated as a Gibbs
distribution, L should have the properties of a Markov Random Field. For a first order
neighborhood system, the prior distribution is given by

Pr(L) = Le-#sevew) = lo-pisew) (8.8)
z z

where t.(L) is a step function. One possible function is
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(L) = —1 if 1(i,5) = U(k,1).
‘ 0 if 1(4,5) # (k1)

The parameter 3 is a weight which emphasizes the homogeneity. If 3 = 0, then
this formulation reduces to a noncontextual classification and as 8 increases, more ho-
mogeneous regions are favoured. By combining ML and MRF, we get a more generic
framework to model spatial dependencies. For multi-spectral image classification, ML-
MRF is given by

ZMAP = Z Udata(xs) + thc(l) (89)

Nex c
8.4.1 Solution Procedures

The minimization of eq. is a compute intense task. Some of the solutions found in
the literature to solve this problem are stochastic relaxation [2§], iterated conditional
modes [102], dynamic programming [I03], and highest confidence first [27]. Compu-
tational demands of stochastic relaxation methods are very high. Iterated conditional
mode is an improvement over stochastic relaxation, and converges to a local minimum
of the energy function. Instead of minimizing equation 6 as a whole, ICM obtains an
initial estimate of Ugqy, (25) using the conventional maximum likelihood classifier, which
does not consider neighborhood information and merely chooses I; to maximize Pr(l;|z)
at each pixel. ICM is then applied for a fixed number of cycles, or, until it converges,

to produce the final class label. The algorithm works as follows.

1. Compute initial class label [ at each pixel using the non-contextual energy function
ZNeX Udata ($s)

2. For all pixels (i, 7), update I(i,j) by the class [ that minimizes Eq.

3. Repeat (2) for a fixed number of times (usually 5 or 6 iterations are sufficient).

For supervised training, assuming the classes are from multivariate normal distribu-

tion, the energy function is given by

Udata(zs) = In|Si| + (z — my)t' Sz — my). (8.10)

7
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¥; and m; are the covariance matrix and mean vector for class [; respectively.
We have experimented with a graph cut based energy minimization based on a

recently proposed [26] method. The appendix 1 provides more details of this approach.

8.4.2 Comparison of SAR and MRF Using a Probabilistic Framework

We use a simple probabilistic framework to compare SAR and MRF in this section.
We will assume that classes L = lq,1s,...,ly are discrete and the class label estimate
fL(si) for location s; is a random variable. We also assume that feature values (X) are
constant since there is no specified generative model. Model parameters for SAR are
assumed to be constant, i.e. § is a constant vector and p is a constant number. Finally
we assume that the spatial framework is a regular grid.

We first note that the basic SAR model can be rewritten as follows:
y=XB+pWy+e

(I —pW)y=Xp+e¢

y=(I—pW) ' X+ (I —pW) e = (QX)B + Qe (8.11)

where Q = (I —pW)~! and f3, p are constants (because we are modeling a particular
problem). The effect of transforming feature vector X to QX can viewed as a spatial
smoothing operation. The SAR model is similar to the linear logistic model in the
transformed feature space. In other words SAR model assumes linear separability of
classes in transformed feature space.

I

Figure B3 shows two datasets with a salt and pepper spatial distribution of the
feature values. There are two classes, {1 and Iy, defined on this feature. Feature values
close to 2 map to class ls and feature values close to 1 or 3 will map to [y. These classes
are not linearly separable in the original feature space. Spatial smoothing can eliminate
the salt and pepper spatial pattern in the feature values to transform the distribution of
the feature values. In the top part of Figure B3], there are few values of 3 and smoothing
revises them close to 1 since most neighbors have values of 1. SAR can perform well
with this dataset since classes are linearly separable in the transformed space. However,

the bottom part of Figure B3 show a different spatial dataset where local smoothing
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Figure 8.3: Spatial datasets with salt and pepper spatial patterns

does not make the classes linearly separable. Linear classifiers cannot separate these
classes even in the transformed feature space.

Although MRF and SAR classification have different formulations, they share a
common goal, estimating the posterior probability distribution: p(l;|X). However, the
posterior for the two models is computed differently with different assumptions. For
MRF the posterior is computed using Bayes’ rule. On the other hand, in logistic re-
gression, the posterior distribution is directly fit to the data. For logistic regression, the

probability of the set of labels L is given by:

N

Pr(L|X) =[] p(l:]X) (8.12)
i=1

One important difference between logistic regression and MRF is that logistic re-
gression assumes no dependence on neighboring classes. Given the logistic model, the

probability that the binary label takes its first value [y at a location s; is:

1
Pr(ilX) = 1 30D (8.13)
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where the dependence on the neighboring labels exerts itself through the W matrix, and
subscript i denotes the i*" row of the matrix Q. Here we have used the fact that y can
be rewritten as in equation RBITl

To find the local relationship between the MRF formulation and the logistic regres-

sion formulation, at point s;

Pr((l; =1)|X,L) = Pr(X|l; =1, L\l;)Pr(l; = 1, L\L;)

(Q 14\

1
1+ exp(—QiX )

which implies
PT‘(X“Z = 0, L\ZZ)PT‘(ZZ = 0, L\lz)

This last equation shows that the spatial dependence is introduced by the W term

QiX B = In(

) (8.15)

through @);. More importantly, it also shows that in fitting 5 we are trying to simultane-

Pr(l;=1,L\l;)
Pr(l;=0,L\l;) )

of the labels. In contrast, in the MRF formulation, we explicitly model the relative

ously fit the relative importance of the features and the relative frequency (

frequencies in the class prior term. Finally, the relationship shows that we are making
distributional assumptions about the class conditional distributions in logistic regres-
sion. Logistic regression and logistic SAR models belong to a more general exponential

family. The exponential family is given by

PT(%‘Z) _ eA(01)+B(x,7r)+0lT:c (816)

This exponential family includes many of the common distributions as special cases
such as Gaussian, Binomial, Bernoulli, Poisson etc. The parameters 8; and 7 control the
form of the distribution. Equation implies that the class conditional distributions
are from the exponential family. Moreover the distributions Pr(X|l; = 1,L\l;) and
Pr(X|l; = 0,L\l;) are matched in all moments higher than the mean (e.g. covariance,
skew, kurtosis, etc.), such that in the difference in(Pr(X|l; = 1, L\l;)) — In(Pr(X|l; =
0,L\l;)), the higher order terms cancel out leaving the linear term (67 ) in equation
on the left hand-side of the equation BTl

Pr(X|l; = 1,L\l;)Pr(l; = 1, L\l;) + Pr(X|l; = 0, L\l;) Pr(l; = 0,.L\l;}
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8.5 Spatial Semi-supervised Learning

We now present spatial semi-supervised learning algorithm which is an extension of
semi-spervised algorithm via the Markov Random Fields (MRF).

Related Work and Our Contributions: Supervised methods are extensively
used in remote sensing imagery classification [69, B6]. Several approaches can be also be
found in the literature that specifically deal with small sample size problems in super-
vised learning [T, T2, T3], 14}, [T5), [T6]. These methods are aimed at designing appropriate
classifiers, feature selection, and parameter estimation so that classification error rates
can be minimized while working with small sample sizes. However, only recently that at-
tempts have been made to incorporate unlabeled samples in supervised learning, which
gave raise to new class of techniques, collectively known as semi-supervised learning
methods. Well-known studies in this area include, but not limited to A3, 44, A5, 65].
The semi-supervised learning techniques have not been well explored in the remote
sensing and GIS domains. Only notable study is reported in [A7] for hyperspectral
data analysis. The common thread between many of these methods is the Expectation
Maximization (EM) [46] algorithm. Many of the semi-supervised learning methods pose
class labels as the missing data and use EM algorithm to improve initial (either guessed
or estimated from small labeled samples) parameter estimates. These algorithms also

assume that samples are independent and identically distributed.

8.6 Spatial SSL Algorithm

There are two major approaches for modeling spatial dependencies (context, neigh-
borhood relationships, spatial autocorrelation) in prediction/classification problems,
namely, spatial autoregressive models (SAR) and Markov random fields (MRF). These
two models were compared in Shekhar et al. [104]. Knowledge discovery techniques
which ignore spatial autocorrelation typically perform badly on the spatial datasets.
Over the last decade, several researchers [31], [29], [32] have exploited spatial context
in classification using Markov Random Fields to obtain higher accuracies over their
counterparts (i.e., non-contextual classifiers). MRFs provide a uniform framework for
integrating spatial context and deriving the probability distribution of interacting ob-

jects. In this paper we extended the semi-supervised learning algorithm (Chapter Bl) to
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model spatial context via the MAP-MRF model. MRF exploits spatial context through
the prior probability p(y;) term in the Bayesian formulation (Section [62)). For a Markov
Random Field y, the conditional distribution of a point in the field given all other points

is only dependent on its neighbors; given as

p(y(, Dly(k,0); k1#14,5 = ply(i,5)ly(k,1); k1€ s). (8.17)

where s is the local neighborhood of pixel at (i,7). Now the problem is how to
incorporate this MRF locality property into the MAP solution given in eq. Gibs
Random Fields (GRF) provide an easy way of incorporating this neighborhood infor-
mation. GRFs are defined in terms of a joint distribution of random variables, which
is easier to compute, as opposed to the conditional distribution given by MRFs. Gibs

distribution for a given clique is defined as:

ply) = TeFEeVel) — Le-phzetw (8.18)
z zZ

where V,(y) is the potential associated with clique ¢, and C'is the set of all cliques,
and t.(y) is a step function. The parameter [ is a weight which emphasizes the ho-
mogeneity in the classified image. If 3 = 0, then this formulation reduces to a non-
contextual classification and as (§ increases, more homogeneous regions are favored. By
combining MAP and MRF, we get a more generic framework to model spatial depen-
dencies. Now the MAP-MREF classification can be defined as

gMAP = Z Udata(xs) + ﬁztc(y) (8'19)

seX C
where Uggiq(25) is the non-contextual energy. According to the Hammersley-Clifford
theorem [I01], there is a one-to-one correspondence between MRFs and GRFs. There-
fore, if p(y) is formulated as a Gibbs distribution, y should have the properties of a
Markov random field. Since, MRF models spatial context in the a priori term, we opti-
mize a penalized log-likelihood [105] instead of the log-likelihood function. The penalized

log-likelihood can be written as
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In(P(X,Y]0)) ZVC y, B) — InC(3) (8.20)

+ Z Z YijInp;(2i|©;)
(]

Then the E-step for a given ©F, reduces to computing

Q0,0 = ZZE Yijlz, 0F)inp;(x:]0;) (8.21)

_ ZE (Ve(Y, B)|z, %) — InC(B)

However, exact computation of the quantities E(Ve(Y, 3)|z,0%) and E(Y;j|z,0%) in
the eq. are impossible [I06]. Also the maximization of eq. with respect
to (3 is also very difficult, because of computing z = C(8) is intractable except for
very simple neighborhood models. Several approximate solutions for this problem in
un-supervised learning can be found in [I06, T07]. We extended the approximate
solution provided in [I06] for semi-supervised learning and showed its usefulness in
improving land cover and land use predictions from remote sensing imagery. The E-
step is divided into two parts: first, we compute complete data log-likelihood for all
data points, second, for the given neighborhood, we iteratively optimize contextual
energy using iterative conditional modes (ICM) [I08] algorithm. Since the estimation
of A is difficult [I06], we assume that it is given a priori, and proceed with M-step
as described in the semi-supervised learning algorithm. Basic spatial semi-supervised
learning scheme is summarized in Table We used the following update equations.

The new equations are given by:

Ak ()\lmj + Z?:l Aulpij)
- .22
@; (AN + Ayn) (8.22)
o = iz My + Sy Maipi) (8.23)
J (Nmj + 300 Aupij)

{ 2ih (v —ﬂ?)(ym k) }
Sk _ Sty PijAa(@i — i) (i — k)

8.24
! (Nimi + 37001 Adupij) (8.24)




135

Inputs: Training data set D = D'UD", where D! consists of labeled samples and D%
contains unlabeled samples, s a neighborhood model, and 3 a homogeneity weight.
Initial Estimates: Build initial classifier (MLC or MAP) from the labeled training
samples, D'. Estimate initial parameter using MLE, to find 6 (see Equations and
B10)

Loop: While the complete data log-likelihood improves (see Equation BZI):

E-step: Use current classifier to estimate the class membership of each unla-
beled sample, that is, the probability that each Gaussian mixture component gener-
ated the given sample point, p;; (see Equation BIT).

ICM-step: Optimize contextual energy given by eq. using ICM [108)]
algorithm.

M-step: Re-estimate the parameter, é, given the estimated Gaussian mixture
component membership of each unlabeled sample (see Equations K22 BZ23 B24)
Output: An MAP-MRF classifier, that takes the given sample (feature vector), a
neighborhood model and predicts a class label.

Table 8.2: Spatial Semi-supervised Learning Algorithm

8.7 Experimental Results

We used a spring Landsat 7 scene, taken on May 31, 2000 over the Cloquet town located
in Carlton County of Minnesota state. Semi-supervised experiments on this dataset can
be found in previous chapters. We now describe only one experiment that is to measure
the performance of spatial semi-supervised algorithm.
Ezperiment Setup In this experiment we applied all four classifiers, namely, MAP, Semi-
supervised, MAP-MRF, and Spatial Semi-supervised, on one of the randomly selected
training set from the SSL experiment (see previous chapters). The results were sum-
marized in the Figure

The overall classification accuracy of the spatial semi-supervised algorithm is about
72%, as compared to the BC(60%), MAP-MRF(65%), and semi-supervised(68%) clas-
sifiers on the test dataset. Figure shows the classified images using all four methods
for a small area from the north west corner of the full image. From these figures it is
clearly evident that the output generated by the spatial semi-supervised learning algo-
rithm is not only accurate but is also more preferable (less salt and pepper noise) in

various application domains.
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(d) Contextual Semi-
supervised

Figure 8.4: Small portion from the classified NW corner of the Carleton image. (a)
Bayesian (MAP), (b) Semi-supervised (EM-MAP), (¢) MRF (MAP-MRF) and (d) Con-
textual Semi-supervised (EM-MAP-MRF)

8.8 Conclusions

In this chapter first we compared two popular spatial classification methods. Later
we extend semi-supervised learning method with Markov Random Field model. Form
the experiments (Figure B4i(b)), it can be seen that though semi-supervised learning is
more accurate than the base MAP classifier, the classified image contains lot of ‘salt and
pepper’ noise. It should also be noted from the Figures B4l(c) and (d) that modeling
context is classification not only improves the overall accuracy but also eliminates the
‘salt and pepper’ noise. The output of contextual semi-supervised classification is more
desirable from several other GIS applications point of view (e.g., less number of smaller
polygons).

Further research is needed for incorporating additional GIS layers like population
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density, upland and lowland maps, digital elevation models, and soil maps into the spa-
tial semi-supervised learning. We also identified two issues with spatial semi-supervised
learning, namely, performance and convergence. In all our experiments, the contextual
semi-supervised learning converged, however, formal theoretical proof of convergence is
need. A close look at the spatial semi-supervised algorithm, reveals that the contextual
energy is optimized at each iteration of the EM algorithm, which is clearly not desir-
able from the computational complexity point of view. We need smarter algorithms to
speedup the convergence and as well reduce the need to optimize contextual energy at
each iteration. Further research is also needed to develop other approximate solutions,
such as, linear programming and graph min-cut algorithms for spatial semi-supervised

algorithm presented in this paper.



Chapter 9
Concluding Remarks

Remote sensing, which provides inexpensive, synoptic-scale data with multi-temporal
coverage, has proven to be very useful in land cover mapping, environmental monitor-
ing, forest and crop inventory, urban studies, natural and man made object recognition,
etc. Thematic information extracted from remote sensing imagery is also useful in a
variety spatio-temporal applications. For example, land management organizations and
the public have a need for more current regional land cover information to manage re-
sources and monitor land use changes. Likewise, intelligence agencies, such as, National
Geospatial Intelligence Agency (NGA), and Department of Homeland Security (DHS),
utilizes pattern recognition and data mining techniques to classify both natural and
man made objects from large volumes of high resolution imagery.

Image classification, i.e., assigning class labels to pixels, using some discriminant
function, is one of the fundamental analysis technique used in remote sensing to gen-
erate thematic information. Many supervised classification schemes proposed in the
literature work well if the land cover classes are spectrally separable, and sufficiently
large number of training samples were available. But in reality, the classes under inves-
tigation are often spectrally overlapping, and accurate training samples were limited.
The 4.i.d. assumption, that is, samples are independent and identically distributed,
poses severe problems with spatial datasets, as the neighboring pixels are often exhibit
spatial autocorrelation. As a consequence the classified images often exhibit salt-and-
pepper kind of noise. These limitations have prompted us to develop new machine

learning algorithms for spatio-temporal data mining. This thesis addressed these three

138
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practical and important problems, namely overlapping classes, small training samples,
and autocorrelated training samples.

One of the important solution proposed in the literature to address small training
samples problem is semi-supervised learning. Most semi-supervised learning algorithms
assume that the underlying model which generated both the labeled and unlabeled
samples is same. However, in practice, we observed that owing to the nature of how
labeled and unlabeled samples were collected, the underlying statistical model (e.g.,
GMMs) differ in the number of components. Though this problem was mentioned in
previous studies [A7, 45], and theoretical implications addressed in [50], practical solu-
tions were missing. We developed a novel adaptive semi-supervised learning algorithm,
which automatically finds the samples from the additional components of the unlabeled
data model. By eliminating samples from the irrelevant components with respect to the
labeled data model, our adaptive semi-supervised overcomes an important side effect
that has direct bearing on the accuracy. Pooling irrelevant unlabeled training samples
with labeled training samples leads either shift in the location parameter (means) or
size and shape parameter (covariance) or both. This shift in the mean or increase in co-
variance leads to increase in the overlap of class distributions. Since probability of error
is related to the overlap between class conditional probability distributions, increase in
this overlap leads to the increase in the probability of error. Our experimental studies
showed that the adaptive semi-supervised learning algorithm overcomes this problem by
eliminating samples based on the well-known statistical hypothesis testing. As a result,
the adaptive semi-supervised learning algorithm has given consistently better results as
opposed to the semi-supervised learning algorithm.

A second problem that we address in this thesis is that of spectral overlap between
various thematic classes. The spectral response distribution of classes are dependent
on many factors including terrain, slope, aspect, soil type and moisture content, and
atmospheric conditions. Thematic classes are often defined on the basis of some of these
external factors, and not just the spectral characteristics of the class alone. For example,
thematic classes such as upland hardwood and lowland hardwood, might have similar
spectral properties, that is, their statistical distributions might be highly overlapping.
Simple incorporation of these external features into classification process might not yield

the desired results.
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The limitations of existing methods has led us to investigate two new approaches
- a fusion of KBS and MLC for classification of multi-spectral remote sensing imagery
utilizing knowledge derived from ancillary spatial databases, and an hierarchical clas-
sifier, which exploits relative strengths of individual classifiers from an ensemble. We
found that this approach minimizes the limitation of KB by simplifying the rule-base.
In this simplified approach, the rule-base is used to stratify the image into homoge-
neous regions rather than classifying individual pixels. The stratified regions minimize
the overlap among the classes and thus provide a robust environment for MLC. Later
we extended the semi-supervised learning algorithm by modeling both continuous at-
tributes (images) and discrete attributes (ancillary geospatial data) through a mixture
of continuous and discrete distributions. This approach offered a highly flexible statisti-
cal tool to model multi-source geospatial data and the experimental resulted significant
improvement in the overall accuracy.

Another related problem occurs due to the aggregate classes which are common due
cost considerations of collecting training data for a large number of classes. Aggregate
classes violates one of the basic assumptions that each class is described by a unimodal
statistical distribution. We developed a novel classification scheme which relaxed this as-
sumption and models each class as a GMM. Our solution then automatically recognizes
these sub-classes without any additional training data. Combined with semi-supervised
approach this novel algorithm allows one to classify large number of classes (which is
essential to extract better information) with minimal additional training efforts.

We addressed spatial autocorrelation problem through the development of a spatial
semi-supervised algorithm. This approach showed improved performance over both

semi-supervised approach and spatial classification approach.

9.1 Future Directions

During the course of this research we have come across several problems where our
methods can be either directly applied or customized to solve domain dependent issues.
We now briefly list some of the interesting problems that we are planning to address in

the future.

e With respect to adaptive semi-supervised learning we were focused mostly on
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the statistical hypothesis testing for matching classes and clusters. However, sta-
tistical hypothesis tests are sensitive to model assumptions and noise. We also
assumed that the covariance is same for clusters and classes, which may not be
true. We conducted initial experiments with two other statistical measures. One
is KL-Divergence and the other is transformed divergence. These measures gives
a sense of closeness between two statistical distributions, thus we can combine
two distributions which are very or highly overlapping. The results are encourag-
ing, however further experimentation is need in order to understand the overall
solution quality or scenarios where these measures are more desirable than the

statistical hypothesis testing.

With respect to multi-source geospatial data classification we found that finite
mixture modeling offers great flexibility to readily incorporate ancillary data.
However, processing ancillary data to come up with meaningful stratified units
is still an open problem. Further research is needed to automatically discover the
stratified units from ancillary data for a given classification task. More experi-
ments are needed to see the performance of our algorithm in different geographic

settings.

With respect to spatial semi-supervised learning, there is a great opportunity to
scale this algorithm by utilizing modern computing platforms. It is also interesting
to work on a solution to automatically find the smoothing parameter. Proving
convergence of the algorithm is also a challenging task and our future research

addresses these problems in more depth.
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