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Abstract—Automated classification of hyperspectral images is
a fast growing field with numerous applications in the areas of
security and surveillance, agriculture, urban management, and
environmental monitoring. While significant progress has been
achieved in the various aspects of hyperspectral classification
(e.g., feature extraction, feature selection, classification, and postclassification processing), the problem has not been addressed
so far from a bias-variance decomposition point of view. In
this work we introduce a consistent unified framework that
jointly considers all steps in the hyperspectral image classification
chain from a bias-variance decomposition point of perspective.
Additionally, we show how state of the art techniques in feature
extraction, ensemble-based classification, and post classification
segmentation are related to the bias-variance tradeoff and how
this relation can be used to improve classification accuracy. An
important outcome of our analysis is that all the steps of the
classification chain should be optimized jointly as this unified
optimization can guide towards a more favorable bias-variance
tradeoff. Experimental results of the proposed framework in the
case of four hyperspectral datasets prove the effectiveness of our
approach.
Index Terms—Hyperspectral image, classification, ensemble
methods, bagging, random forest, segmentation, bias-variance

I. I NTRODUCTION
Hyperspectral imaging (HSI) is an optical imaging technique operating in the visible and infrared light range. Every
pixel of an acquired hyperspectral image can be seen as
a spectral fingerprint that is unique to the materials in the
respective spatial area. The ability to perform high-accuracy
identification of materials in a scene based on their spectral fingerprints made HSI an important tool for various applications
in security and surveillance [1], [2], [3], [4], agriculture [5],
[6] and environmental monitoring [7], [8], [9] to name a few.
More recently, HSI has also been applied in more industrial
applications including nutrition analysis [10], [11] and waste
recycling [12], [13].
Airborne HSI systems produce a large amount of data that
to a large extent cannot even be visually inspected by humans.
Automatic classification of the acquired images is thus of
high practical importance and a significant amount of work
has been focused in this field [14], [15], [16]. This holds for
classification based on hyperspectral images solely, as well as
in conjunction with other sensor modalities such as Synthetic
Aperture Radar [17] or LiDAR [18], [19], [20]. Typically,
classification of hyperspectral images consists of sequential

steps such as pre-processing [21], [22], feature extraction [23],
[24], feature selection [25], [26], [27], segmentation [28], [29],
classification [30], [31] and post-processing [32], [33]. In each
of those steps significant progress has been accomplished and
several machine learning algorithms found their way into the
hyperspectral community.
In the following, some representative works for advanced
machine learning in HSI are outlined. Ham et al. [34] proposed
a classifier that incorporates bagging of training samples and
adaptive random subspace feature selection within a binary
hierarchical classifier such that the number of features that
is selected at each node of the tree is dependent on the
quantity of associated training data. Tarabalka et al. [32]
construct minimum spanning forests from region markers to
enable hyperspectral image segmentation and classification.
They consider the results of a pixel-wise classification to grow
regions based on the class-conditional probabilities obtained
from application of support vector machines (SVM). Fauvel et
al. [16] proposed a classification scheme with support vector
machines using the available spectral information and the extracted spatial information. Finally, a multiple classifier system
is defined to produce relevant markers that are exploited to
segment the hyperspectral image. Tuia et al. [35] introduced a
semi-supervised SVM where the training was performed using
two kernels - one for labeled and one for unlabeled data.
Mura et al. [36] presented a technique for the classification
of hyperspectral images based on independent component
analysis (ICA) and extended morphological attribute profiles.
The features extracted by the morphological processing where
then classified with an SVM. However, despite the significant
progress achieved in the previous and similar state of the art
works, a holistic and systematic view on the whole classification chain in terms of bias-variance decomposition, one of the
fundamental concepts of machine learning, is still missing.
The concept of bias-variance decomposition was introduced
in machine learning initially for the case of mean squared error
[37]. Later extended versions for “zero-one loss” (predictions
are correct or false) were proposed by [38], [39], [40], [41],
and [42]. This decomposition provides a theoretical background that explains why techniques such as regularization,
or ensemble learning are particularly effective in a range of
different machine learning applications.
In the context of machine learning, regularization is a
process of incorporating additional information into the model,
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Fig. 1: Flow diagram of hyperspectral image classification

either in order to solve an ill-posed problem or to prevent
overfitting. This additional information is most of the times
some type of a penalty for complexity, such as restrictions
for smoothness or bounds on the vector space norm. Therefore, regularization is targeting a significant reduction in the
variance, with some small penalty in bias. More recently, a
different mechanism has appeared that also allows for tradeoffs
according to the bias-variance decomposition of the error:
ensemble methods.
Ensemble learning techniques combine multiple models in
an attempt to get closer to the unknown function one aims
at approximating. More specifically, they construct a set of
classifiers and consequently classify data points according to
the (possibly weighted) vote of the independent predictions.
As a supervised learning technique, an ensemble represents
a single hypothesis, but one that is not necessarily contained
within the space of the models used in the ensemble. One of
the ensemble methods that have gained significant attention in
recent years is the random forest algorithm, which is based on
multiple classification tree instances [43].
In this work, we present a methodology for selecting a
favorable bias-variance tradeoff for the classification of hyperspectral images. The proposed methodology considers all
steps in the hyperspectral classification chain (Fig. 1) under
the view of the bias-variance tradeoff. Having this view allows
for a holistic and systematic way to assess steps like feature
extraction and feature selection, choice of learning model
(including ensemble learning algorithms such as the random
forest), as well as application of post-processing algorithms.
Each of these steps is critical and cannot be optimized without
consideration of the other steps, since it can constrain the
bias-variance tradeoff of later stages. Thus, good results are
only feasible when a unified optimization that considers all
the previous choices is applied.
Towards this goal, the primary contribution of this paper is
the presentation of a unified framework for classification of hyperspectral imagery that considers the bias-variance tradeoff.
In this direction, the paper demonstrates how modern machine
learning algorithms, (i.e. ensemble methods) can be applied
to hyperspectral image classification and how a consistent

unified framework can improve the classification accuracy.
Specifically, the following contributions are made:
• Discussion and application of ensemble methods for
hyperspectral image classification
• Formulation of a feature selection scheme in a way that
steers the later stages of our processing chain towards a
favorable bias-variance tradeoff
• Formulation of a scheme to choose points that represent
an optimal bias-variance tradeoff for the ensemble classifier
• Formulation of a Markov Random Field-based approach
that aims at reducing post-classification variance, considering also the tradeoffs in previous steps
The rest of the paper is organized as follows. Section II
presents briefly the bias-variance decomposition initially for
the case of a regression and then the extension by Domingos
et al. for the case of classification problems. Next, we investigate various feature extraction, processing and dimensionality
reduction techniques from the scope of bias-variance decomposition in III. Ensemble learning methods are elaborated
in Section IV. Moreover, their impact on the bias-variance
tradeoff is discussed before a more thorough analysis for the
case of the random forest algorithm. Section V discusses
the application of Markov Random-Field-based techniques
on the classification result in order to improve classification
accuracy. An optimization scheme for automatically selecting
the relevant parameters of the random field is presented.
Various experimental results using the widely used datasets
in hyperspectral imaging (Indian Pines, Pavia Center, Pavia
University and Pavia Extended) are provided in Section VI
where we also set a focus on discussing validation procedures
and provide best practices. Finally, Section VII concludes the
paper.
II. B IAS -VARIANCE D ECOMPOSITION
As discussed earlier the concept of bias-variance decomposition provides a theoretical background that explains why
techniques such as regularization or ensemble learning are
effective. Before going into the details of the applicability
of the decomposition in the steps of a hyperspectral image
classification process depicted in Fig. 1 (feature extraction,
learning model selection and configuration, post-classification
segmentation) and the practical tradeoffs one has to consider
in each step, a short introduction of the concept is required.
We hereby follow the notation introduced by [41] and refer
to [38], [39], [40], and [42] for more details or alternative
definitions.
A. Bias-variance decomposition for regression
Let us assume the case of a regression model, where both
the unknown true function u and our selected hypothesis
f are continuous functions, while the loss function is the
squared error. Let f be the average hypothesis (the mean
of all hypotheses for different but finite training sets D). We
consider a specific test point of interest xo that can be multidimensional according to the dimensionality of the feature
space. In this point the value of our hypothesis f is y and
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the actual observed value is uo (xo ) = t + ε (where t is the
value of the true function u and ε is normally distributed noise
with zero mean and standard deviation σ). Then the Prediction
Error (PE) in this point of interest xo is defined as:

P E(xo ) = IE (uo (x) − f (x))2 |x = xo
(1)
and it can be proven easily (e.g., [37]) that the previous
equation can be decomposed in the following constituents:
P E(xo ) = B2 (xo ) + V(xo ) + N(xo )

(2)

where B2 (xo ) =  (f (xo ) − u(xo ))2 is the square of the
bias, V(xo ) = IED (f (D) (xo ) − f (xo ))2 is the variance, and
2
N(xo ) = IEε [ε] is the noise on point xo . Therefore, we can
consider the expectation of the Prediction Error with respect
to x as:


IEx [P E(x)] = IEx (f (x) − u(x))2
h
i
(3)
2
+IED,x (f (D) (x) − f (x))2 + IEε,x [ε(x)]
2

where the noise term N(x) = IEε,x [ε(x)] expresses the lower
2
bound
 on performance,
 the square of the bias term B (x) =
2
IEx (f (x) − u(x)) is the expected error due to model
mismatch and the term V(x) = IED,x (f (D) (x) − f (x))2
is variation due to train sample properties and randomization,
as well as randomness in the learning algorithm itself (e.g.
neural net weight initialization [37]). The variance term has
the superscript D to indicate its dependance on the training
set.
Bias and variance are directly related with under- and overfitting. Bias decreases and variance increases with respect to
the complexity of the model; as more parameters are added to
a model, its complexity rises and bias decreases monotonically,
while variance becomes the main concern. For example,
when additional polynomial terms are included to a linear
regression, the resulting model has higher complexity and
more capacity to explain the training set but it also becomes
more susceptible to overfitting the particular training data,
making generalization error prone. Since bias has a negative
first-order derivative with respect to model complexity and
variance has a positive one, there exists an intersection point
where the predictive capability of the model is maximized.
Finding this point analytically is not feasible, but in the case
of parameterizable models with degrees of freedom crossvalidation can be used to explore different tradeoffs [44] and
select the one that maximizes the predictive capability.
B. Generalization of the bias-variance decomposition
According to the previous analysis, the bias-variance decomposition distinguishes between (1) the bias error, which
is a systematic error component associated with the learning
algorithm and the complexity of the hypotheses set, (2) the
variance error, which is an error component associated with
differences in the selected hypothesis for different training
sets and (3) an error component associated with the inherent
uncertainty in the domain. However, while this decomposition
is easy and intuitive for regression functions and squared error,
an one-to-one mapping in the case of multi-class classification

problems with different loss functions is not straightforward
and various formulations have been proposed [38], [39], [40],
[41], and [42]. A generic formulation that offers several
desirable theoretical properties was introduced in [41] and we
adopt this formulation here.
For a given training set {(x1 , uo (x1 )), ..., (xn , uo (xn ))}, a
learner produces a certain hypothesis f . Given a test point xo ,
this hypothesis generates a prediction f (xo ) = y. Assuming
again u(xo ) = t is the true value of the predicted variable
for the test point xo , then a loss function L(t, y) measures
the cost of predicting y when the true value is t. Commonly
used loss functions are squared loss L(t, y) = (t − y)2 ,
absolute loss L(t, y) = |t − y|, and zero-one loss L(t, y) = 0
if y = t, L(t, y) = 1 otherwise. The first two are broadly
used in regression while the third one is the default option
for classification problems. In the context of a given loss
function the goal of learning can be phrased as producing
a hypothesis with the smallest possible loss, meaning that
the chosen hypothesis minimizes the average L(t, y) over all
points, with each point weighted according to its probability.
The optimal prediction y∗ for a point xo is the prediction
that minimizes IEt [L(t, y∗ )], where the subscript t indicates
that the expectation is taken with respect to all possible values
of t, weighted according to their probabilities given x. The
optimal hypothesis is the one for which f (x) = y∗ for every
x and even this hypothesis will have non-zero loss. In the
case of zero-one loss function, the optimal hypothesis is the
Bayes classifier, and its loss is the Bayes rate [45]. Since the
same learner generates different models for different training
sets, L(t, y) is a function of the training set. This dependency
can be alleviated by averaging over training sets. Let D be
a set of training sets. In this case the quantity of interest is
the expected loss IED,t [L(t, y)], where the expectation is taken
with respect to t and the training sets in D (i.e., with respect
to t and the predictions y = f (x) produced for x by applying
the learner to each training set in D). Having this formulation
in place, it is possible to define the main prediction for a loss
function L and set of training sets D as:
0
yL,D
m = arg min IED [L(y, y )]

(4)

y0

Therefore the main prediction is the value y 0 that has the
minimum average loss relative to all the predictions. It can
be easily derived from this definition that in the case of
squared loss function the main prediction is the mean of the
predictions, in the case of absolute loss it is the median, and
in the case of zero-one loss it is the mode (the prediction
with the highest frequency) [41]. Proceeding further in this
path, it is possible to define the bias of a learner on a point
xo as B(xo ) = L(y∗ , ym ). Therefore, the bias is the loss
incurred by the main prediction with respect to the optimal
prediction. Similarly, the variance of a learner on a point
xo can be defined as V(xo ) = IED [L(ym , y)]. Therefore,
the variance is the average loss incurred by predictions with
respect to the main prediction. Finally, the noise at point xo is
N(xo ) = IED [L(t, y∗ )]. Therefore, noise is the component of
the loss that cannot be avoided, and is incurred independently
of the learning algorithm. It is also important to note that bias
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and variance can be averaged over all points to produce the
average bias IEx [B(x)] and the average variance IEx [V(x)].
Building on the previous definitions, it was shown in [41]
that, considering a test point xo for which the true prediction
is t, a learner that predicts y given a training set in D, and an
arbitrary loss function L, then the following decomposition of
IED,t [L(t, y)] holds:
IED,t [L(t, y)] = c1 IEt [L(t, y∗ )]+[L(y∗ , ym )]+c2 IED [L(ym , y)]
(5)
or,
IED,t [L(t, y)] = c1 N (x) + B(x) + c2 V (x)
(6)
There are several important observations stemming from the
analysis of [41]. First of all it can be easily seen that this
decomposition falls back to the standard one for squared
loss with c1 = c2 = 1, considering that for squared loss
y∗ = IEt [t] and ym = IED [y], i.e. the prediction of the average
hypothesis [37]. However, here we focus only on the part that
is applicable for classification problems and consequently the
zero-one loss function. The most important observation is that
specifically for zero-one loss, variance can have a subtractive
effect and this is derived from a self-consistent definition of
bias and variance for zero-one and squared loss, even if the
variance itself remains positive [41]. The fact that variance
is additive in unbiased examples but subtractive in biased
ones has significant implications: if a learner is biased on a
given test point, increasing variance can decrease loss. This
behavior is fundamentally different from that of squared loss,
but is obtained with the same definitions of bias and variance,
purely as a result of the different properties of zero-one loss. In
effect, when zero-one loss is the evaluation criterion, there is
a much higher tolerance for variance than if the bias-variance
decomposition was strictly additive, because the increase in
average loss caused by variance on unbiased examples is
(partly) offset by its decrease on biased ones. The average
loss over all points is the sum of noise, the average bias and
what Domingos et al. define as the net variance, IEx [c2 V (x)]:
IED,t,x [L(t, y)] = IEx [c1 N (x)] + IEx [B(x)] + IEx [c2 V (x)] (7)
derived by averaging Equation (5) over all test points x, with
c2 positive for unbiased points and negative for biased ones.
Equation (5) is also valid in the case of zero-one loss function
for multiclass problems, with

III. F EATURE E XTRACTION AND F EATURE S ELECTION
While the bias-variance decomposition is very commonly
used to explore tradeoffs in the learning model, feature extraction methods (including transformations and dimensionality
reduction techniques) as well as feature selection techniques
(e.g., [46]) are already setting the scene by constraining or
guiding the classifier towards specific regions of the curve.
In this view feature extraction can be used to avoid bias
error caused by limitations in the representation language of
a hypothesis. More specifically, it can reduce bias error in the
case of adding features that allow for models which initially
could not be part of the hypothesis set, or by changing the
priority with which the hypothesis set is traversed (sometimes
mentioned as search bias [47] which is relevant in case one
does not consider the entire hypothesis set).
On the other hand, adding a large number of features
can result to the “curse of dimensionality” [48], which is
encountered in case the volume of the feature space increases
so much that the data becomes sparse in the feature space. This
sparsity makes it difficult to achieve statistical significance
for many learning methods because the definitions for density
and distance that many classification methods employ at the
learning phase become less useful. Dimensionality reduction
methods [49] are the most common and general ways to
alleviate this problem. The goal of such methods is to keep
as much of the information as possible in a reduced number
of features. In case the dimensionality reduction method
allows for regularization, further reductions in variance are
possible which is for example the case with the Minimum
Noise Fraction transformation [50], [51]. In this section, we
present a scheme for feature extraction in hyperspectral images
that steers the later stages towards favorable bias-variance
tradeoffs. The proposed scheme is comprised of four different
methods:
• Minimum Noise Fraction Transformation
• Blind unmixing and derivation of abundance maps
• Nonparametric Weighted Feature Extraction
• Synthetic features
as depicted in Fig. 2 and detailed in the remainder of this
section.
A. Minimum Noise Fraction Transformation

c1 = PD (y = y∗ ) − PD (y 6= y∗ )Pt (y = t|y∗ 6= t)

(8)

c2 = 1 if ym = y∗

(9)

The first step of our feature extraction algorithm applies
the regularized version of the kernel MNF transformation,
where the goal is to maximize the Rayleigh quotient [52],
[53] formulated as:

(10)

bT K 2 b
1
= T
T + λK]b
NF
b [(1 − λ)KN KN

and
or
c2 = −PD (y = y∗ |y 6= ym )

otherwise. This formulation shows that in multiclass problems
not all variance on biased points contributes to reducing loss.
Considering all training sets for which y 6= ym , only some
have y = y∗ , and it is only in these points that loss is reduced.
Therefore, the negative effect of variance is exacerbated as
the number of classes increases and this can be an important
factor in the selection of models or model parameters as will
be shown in the later sections.

(11)

i.e., the inverse noise fraction, N F , which can be defined
as the variance of the noise with respect to a noise model,
divided by the total variance. In Equation (11), b is the band
to be transformed, λ is the regularization parameter, while
K and KN are kernelized and centered versions of the data
and the noise components, respectively [52], [53]. Therefore,
this transformation corresponds to maximizing the signal-tonoise ratio, SN R = 1/N R − 1, and as has been shown in
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often be more effective then Linear Discriminant Analysis
(LDA) (e.g. [58]) in this particular problem. Again, crossvalidation is deployed in order to determine the optimal value
of the regularization parameter.
D. Synthetic features

Fig. 2: Feature extraction algorithm

many application areas, an improvement in SNR shifts the
entire plane towards more favorable bias-variance tradeoffs
(e.g., [54]). Cross-validation is deployed in order to determine
the optimal value of the regularization parameters so that the
effect of noise on the selected features is minimized.

The final step of our algorithm is the extraction of synthetic
features. Particularly for hyperspectral image classification,
bias reduction can be achieved by the generation of additional synthetic features (through non-linear transformation of
specific bands) that are very good for discriminating types
of material such as vegetation (e.g., Normalized Difference
Vegetation Index - NDVI), water (e.g., Normalized Difference
Cloud Index - NDCI), etc. Finally, in case LiDAR is also part
of the dataset, synthetic features can include gradient or edge
detection features. It should be noted that even if this is not the
case, edge features can also be calculated in a segmentation
map derived from purely hyperspectral information (e.g., using
Watershed segmentation based on the first MNF component),
with some reduction in performance, depending on the type
of the datasetcompared, compared to having the actual LiDAR
features.
E. Feature selection

B. Blind unmixing and derivation of abundance maps
As a next step, our feature extraction algorithm applies blind
unmixing based on Automatic Target Generation Procedure
(ATGP) [2] to extract the basic spectra of the materials that
are present in the HSI in a way that is resilient to distortions
(e.g. from the presence of shadows). The Non-Negative LeastSquares (NNLS) method [55] was used in order to extract
abundance maps. It is important to underline at this point that
the abundance maps are very effective features, especially in
hyperspectral imagery where many different signatures can be
detected (e.g., in an urban environment). This is an important
observation, given that in literature the use of abundance
maps as features is mostly proposed as a dimensionality
reduction method (e.g., [56]) and not as a way to enhance
classification accuracy (apart from the improvement achieved
by mitigating the Hughes phenomenon [48]). The proposed
approach was found to have lower variance error than the use
of a generic feature extraction and dimensionality reduction
methods such as PCA (for the same number of features),
especially in difficult parts of the hyperspectral image. The
explanation is that in such cases feature extraction does not
relax representational bias but it lowers the variance error of
the method, in particular with respect to the feature selection
step applied later.
C. Nonparametric Weighted Feature Extraction
Information from the original spectral bands is also used
through separate application of the Nonparametric Weighted
Feature Extraction (NWFE) transformation [57]. NWFE targets not so much to suppress noise but rather to do the
dimensionality reduction in a way that maintains information
needed for class discrimination. In fact it has been shown to

Removing features that are irrelevant for the learner will not
change the bias error [59]. As far as the learner is concerned,
irrelevant features are treated as noise. Feature selection is
generally aimed at variance reduction: fewer parameters need
to be estimated, while the amount of relevant information
that is removed is minimized. Removing relevant features
may lead to an increase of intrinsic bias. However, features
such as the MNF components and the extracted abundance
maps of the hyperspectral image are expected to contain
significant redundancy, therefore the risk of overfitting the
relation between individual features and the target is high and
eliminating some irrelevant features is likely to reduce the
variance error.
It is important to note also that feature selection decisions
about composite features, for example when one feature represents the information contained in several others, are less
sensitive to sampling variance. Thus, extraction of synthetic
features can also result in reduced variance error. Particularly
for hyperspectral image classification, this applies on the
calculation of synthetic features such as the NDVI, NDCI,
and the synthetic LiDAR features. Such features are already
the outcome of domain specific non-linear transformations and
therefore are excluded from application of generic techniques
such as MNF, NWFE, etc. In this work, feature selection is
performed by the learning algorithm itself (random forest)
therefore more details on the practical application of feature
selection are given in the following section.
IV. H YPERSPECTRAL I MAGE C LASSIFICATION U SING
E NSEMBLE M ETHODS : A B IAS -VARIANCE A PPROACH
Formally, an ensemble is a technique for combining numerous weak learners in an attempt to produce a strong learner.
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An ensemble is also a supervised learning method, since it has
the capacity to be trained and then used to perform predictions.
As such, the ensemble also represents a single hypothesis in
the solution space. However, this hypothesis is not necessarily
contained within the space of the models which were used to
construct the ensemble. Therefore ensembles typically have
more flexibility in the functions they can represent, which
can result in a reduction of model bias [60]. Considering
the typical bias-variance decomposition and the bias-variance
tradeoff, an increase in model complexity is often associated
with an increase in variance, since the more complex model
is potentially more prone to overfitting the training data.
This effect is encountered to a different extent in various
ensemble methods, but some of them are robust since they
are specifically designed to avoid it (e.g. bagging).
In terms of improvement, it can be theoretically proved that
if an infinite number of models are available, each of them
is better than simple guessing and their errors are statistically
independent, then it is possible to construct an ensemble model
with arbitrary accuracy [61]. These conditions never hold of
course in practical problems, but it can be shown empirically
that having a set of models which when used independently
provide good predictions and their diversity (i.e. disagreement)
is high is a good basis for ensemble methods [62]. Thus,
many ensemble methods are often actively seeking to promote
diversity among the models they combine.
A. Ensemble methods and the bias-variance analysis
Ensemble methods can be categorized with respect to the
way they are achieving diversity and the way they are combining the outcomes of the weak learners. According to this
categorization, some of the ensemble methods are applying
multiple instances of the same model and achieve diversity
by modifying the training set of each classifier (i.e., through
resampling [63]), the features or both [64]. Such methods
typically employ a simple (weighted) voting scheme where
each instance casts a vote and the outcome of the ensemble
is the class with the highest number of votes (e.g., bagging
[65]). Weighted voting typically uses the classifiers confidence
in its prediction (quantified as the estimated probability of the
predicted class) or the error estimates of the classifier (e.g.,
boosting [66]).
A lot of effort has been focused in explaining formally
why ensemble methods work so well. One of the main
concepts [65] used to explain why the bagging ensemble
method reduces zero-one loss was that of an order-correct
learner. A learner is order-correct on a point xo if and only
if ∀y6=y∗ PD (y) < PD (y∗ ). Breiman [65] showed that bagging
transforms an order-correct learner into a nearly optimal one.
We note that order-correctness and bias are closely related: a
learner is order-correct on a point xo if and only if B(xo ) = 0
in the case of zero-one loss. The proof can be derived directly
from the definitions, considering that ym for zero-one loss is
the most frequent prediction. Schapire et al. [67] proposed an
explanation for why the boosting ensemble method works in
terms of the notion of margin. For algorithms like bagging and
boosting, which generate multiple hypotheses by applying the

same learner to multiple training sets, their definition of margin
M on a point xo for a two class problem can be expressed as
follows:
M (xo ) = PD (y = t) − PD (y 6= t)
(12)
for which a positive margin indicates a correct classification
by the ensemble, and a negative one an error. More recently
[41] it was proven that the notion of margin is closely related
to the bias-variance decomposition and specifically, the margin
of a learner on a point xo can be formulated in terms of its
zero-one bias and variance as:
M (xo ) = ±[2B(xo ) − 1][2V (xo ) − 1]

(13)

with the positive sign applicable if y∗ = t and the negative
sign applicable otherwise. Therefore the two main formal
explanations of why ensemble methods such as bagging or
boosting work are closely related.
B. The random forest algorithm
The random forest algorithm that was introduced by
Breiman [43] utilizes both bagging and random attribute subset
selection for achieving diversity between the weak learners.
Breiman’s innovations were influenced by previous works
such as the random subspace method of [68], as well as
the random split selection algorithm of [69]. As indicated
by various empirical studies (e.g., [43], [70], [71], [72],
[73], random forests have emerged as serious contesters to
state-of-the-art methods such as boosting [74] and Support
Vector Machines [75]. Some of their key advantages include
reasonable computational cost, inherent support of parallelism,
easiness to implement, highly accurate predictions and ability
to handle a very large number of input variables without
overfitting. In fact, they are considered to be one of the
most accurate general-purpose learning techniques available.
For more details we refer to the survey by [72] which is
an excellent introduction to the method, offering also useful
practical guidelines.
Table I summarizes the random forest algorithm for classification of hyperspectral images. It is easy to show that
this approach is equivalent to bagging when mtry is equal
to the number of features. In general, the selection of mtry
is related to the bias-variance tradeoff, with smaller mtry
values favoring greater reduction in variance at the cost of
some additional bias. Breiman suggests three possible values
√
√ √
for mtry: 1/2 p, p, and 2 p, where p is the total number
or predictor variables.
Although the algorithm of the random forest appears simple,
it involves various different driving forces which make it
difficult to analyse in a formal mathematical context. In
fact as indicated in [5], its mathematical properties remain
to some extent unknown and most theoretical studies have
concentrated on isolated parts or simplified versions of the
algorithm. Important attempts in this direction are done by
[77], which showed the relation between random forests
and adaptive nearest neighbor methods (further elaborated by
[78]); [79], which explored the consistency of random forests
in the context of conditional quantile prediction; and [80],
which introduced consistency theorems for various simplified
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TABLE I: The Random Forest Algorithm for hyperspectral
image classification
Step 0.
Step 1.
Step 2.
Step 3.

Step 4.

Step 5.

Collecting data. Conduct the experiment and collect the
hyperspectral image consisting of m bands, b1 , ..., bm
Extracting features. Perform feature extraction (e.g., according to the algorithm in Section III)
Selecting parameters. Select the parameters of the random
forest algorithm, mainly the number of trees T and the value
of the feature set splitting variable mtry
Resampling. Sample the training data (random sampling with
replacement) to create T different subsets of the data, each of
size N, with N approximately 66% of the complete training
set [43].
Training the decision trees.
• For a given tree node select a subset of mtry predictor
variables at random from the set of all the predictor
variables.
• The predictor variable that provides the best split,
according to the selected objective function (usually
based on an impurity measure, such as the information
gain or the Gini gain [76]), is used to do a binary split
on that node.
• At the next node, select a different set of mtry variables at random from all predictor variables and repeat.
Classifying. After the training is done and the algorithm
operates in classification mode, when a new input is entered
it is run down all of the trees. If the range of valid predictions
is C = {1, ..., C} where C is the total number of classes,
then the estimated probability of predicting class y ∈ C for
a given point xo is:
p(y|xo ) =

T
1 X
pt (y|xo )
T t=1

with pt (y|xo ) being the estimated density of class labels on
the leaf of the tth tree [43].

where H ∈ Rm×m is a known mixing matrix which in the
simplest case is the identity matrix and ω is an additive noise
term with unspecified distribution. Consider a maximum a
posteriori (MAP) estimator to estimate g from y as
ĝ = arg max {p(g | y)}

(15)

g

which using Bayes’ rule can be written as
ĝ = arg max {p(g)p(y | g)}

(16)

g

We propose modeling p(g) by a Markov random field, i.e.
[81]


1
2
exp −% kL gk2
(17)
p(g) =
Z(%)
where L is a discretized differential operator which directs
towards a smooth solution, % is the attraction parameter and
1
Z(%) the partitioning function [81].
A popular assumption would be the assumption of Gaussianity for p(y | g) which would be valid if ω in Equation
(14) was Gaussian noise. In this case the optimization problem
expands to
(
)
!
2


kH g − yk2
2
ĝ = arg max exp −
· exp −% kL gk2
2σω2
g
(18)
or equivavently
o
n
2
2
(19)
ĝ = arg min kH g − yk2 + η kL gk2
g

versions of random forests and other randomized ensemble
predictors. Particularly in the case of hyperspectral image
classification, it is possible to relate conceptually some of
the previous findings with the selection of the random forest
parameters, especially the number of trees T and the value of
the feature set splitting variable mtry, given the properties of
specific hyperspectral datasets. This will be further elaborated
in Section VI.
V. P OST-C LASSIFICATION U SING M ARKOV R ANDOM
F IELDS
This section presents a novel post-processing scheme to
improve classification accuracy. Specifically, it is considering
the class-conditional probabilities p(yi = c) with c ∈ C
obtained by classification methods such as the random forest
presented in the previous section. The proposed scheme is a
random-field based approach that reassigns class labels based
on their spatial context and classification uncertainty. We will
demonstrate how the proposed scheme can be configured in
an optimal fashion using the data at hand.
A. MRF modeling of the classification outcome
Assume the following inverse problem describing the relationship between the true label field g and the classification
outcome y
y = H g +ω
(14)

%
2
2σω

with η =
and σω2 being the noise variance.
Note that, however, as the probability density function of
the additive noise term ω is unknown, p(y | g) can not be
derived. We propose instead to approximate p(y | g) by the
class-conditional distribution p(yi = c) obtained from the
classifier. This implicitly assumes that the error analysis in
the classifier matches the actual conditional distribution of y
given the true label field g.
Performing this approximation and inserting p(g) from
Equation (17) yields the following optimization problem


1
ĝi = arg max p(yi = gi )
exp (%#{yj ∈ Nyi |yj = yj })
Z(%)
gi
(20)
where # denotes the cardinality of a set and Nyi is the
neighbourhood of yi . Here, without loss of generality, an
Ising model was assumed [82] where the smoothing term is
formulated by counting the number of pixels with the same
label as yi .
The optimization problem in Equation (20) can efficiently
be solved using the iterated conditional modes (ICM) algorithm [83], [82]. The ICM can be considered as a Gibbs
sampler at zero temperature, i.e. in every iteration the label ĝi
is updated by the mode of the posterior distribution p(gi |yi )
which allows fast convergence to a (local) maximum of
p(g | y). The ICM has successfully been applied in the past
in various remote sensing applications [84], [85], including
hyperspectral imaging.
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inequality as,

B. Optimality of the attraction parameter
One drawback of the ICM algorithm for solving Equation
(20) is the necessity to determine the attraction parameter
%. This is crucial as too small values of % will show no
improvement of classification accuracy while too large values
of % will produce oversmoothing. One way to determine an
optimal value for % is to consider approaches like the iterated
conditional expectation (ICE). Here, % is determined based
on a realization of a random field. This is not feasible in
hyperspectral image classification as the training set typically
consists of very few pixels that are not spatially connected.
We consider a different approach here which determines
an optimal value for % from the data at hand. First, we note
that instead of following a MAP approach to solve the inverse
problem in Equation (14) an alternative way is to minimize
the Tikhonov functional [86], [87] which is given as
2

2

Iλ (g) = kH g − yk2 + γ kL gk2

(21)

where it is assumed that ker(H) ∩ ker(L) = {0} which
ensures a unique solution for ĝ. Note that Equation (21)
corresponds to a very similar problem formulation as Equation
(20), the differences being that the Tikhonov functional is
typically considered for minimizing the squared error (whereas
in Equation (20) the data fidelity term remains undefined) and
γ plays the role of a regularization parameter as opposed to %
which represents a weight for the clique potentials in a Markov
random field.
We adopt the quasi-optimality criterion from Tikhonov [88],
[89] which is used to determine the optimal regularization
parameter γ as

2

%̂ = arg min k%k2 ·
%

∂ĝ%
∂%

2

(24)
2

Similarly to Equation (22), Equation (24) allows estimating
the optimal vector of attraction parameters using the data at
hand only.
D. Relation to the bias-variance decomposition
Note that the choice of the regularization or attraction
parameter directly affects the bias-variance tradeoff. We note
that % = 0 reduces the MAP estimator to a maximum
likelihood estimator that estimates g as the label field that
maximizes p(y | g). Equivalently, γ = 0 reduces the Tikhonov
regularization to an ordinary least squares solution. Choosing
a regularization or attraction parameter > 0 introduces a bias
and decreases variance. This can be explained by the matrix
L in Equations (19) and (21) which can be interpreted as a
smoothing operator on the solution g, i.e. the higher γ or
%, the stronger the impact of L, the smoother the solution ĝ
and consequently the lower the variance of the estimator. It
is noteworthy that it has been shown in [90] that Equation
(21) achieves the uniform Cramér-Rao lower bound [91], i.e.
from all linear and nonlinear estimators of g in Equation (14)
Tikhonov regularization minimizes the total variance provided
that ω is zero-mean Gaussian distributed.
VI. E XPERIMENTAL R ESULTS

where ĝ% denotes the estimate for g as a function of %. Note
that Equation (22) allows automatic selection of the attraction
parameter with the data at hand. The optimization problem in
Equation (22) can be solved by e.g. gradient-based methods.

In order to assess the performance of the proposed approach
under various real world situations we applied it to a number
of different hyperspectral image classification problems, such
as ‘Indian Pines’, ‘Pavia Center’, ‘Pavia University’, and
‘Pavia Extended’. Comparisons with some of the most widely
used methods in the field of hyperspectral classification are
performed and some generic observations with respect to
the bias-variance tradeoff discussed in previous sections are
outlined.

C. Extension to multi-class problems

A. Hyperspectral datasets

Note that in both approaches - MAP estimation with a
Markov Random Field and Tikhonov regularization - the
regularization or attraction parameter is typically a scalar. In
our case, as gi ∈ {1, ..., C} with typically C  2 a classindependent parameter can yield limited performance. In practical hyperspectral imaging applications there are classes that
are likely to coexist in one neighborhood (e.g. grass next to
a residential building) whereas others are rather unlikely (e.g.
a residential building on a highway). We propose extending %
to a vector of dimension C, thus changing Equation to (20)

1
ĝi = arg max p(yi = gi )
exp (%(gi )
Z(%(g
(23)
gi
i ))
#{yj ∈ Nyi |yj = yj })}

The first classification problem is the ‘Indian Pines’, one of
the most common and well studied cases in the hyperspectral
literature. The image was acquired by the AVIRIS (Airborne
Visible/Infrared Imaging Spectrometer) sensor over the agricultural Indian Pine test site in Northwestern Indiana. Its size is
145 × 145 pixels and the spatial resolution is 20m per pixel.
Twenty water absorption bands have been removed as indicated in the literature, leaving the remaining 200-band image
for classification. The ground truth contains sixteen classes,
mainly covering different types of crops: corn-no till, corn-min
till, corn, coybeans-no till, soybeans-min till, soybeans-clean
till, alfalfa, grass/pasture, grass/trees, grass/pasture-mowed,
hay-windrowed, oats, wheat, woods, bldg-grass-tree-drives,
and stone-steel towers. The training set consists of 50 samples
for each class that have been randomly chosen from the
reference data, except for classes alfalfa, grass/pasturemowed
and oats that have very few members, thus only 15 samples

%̂ = arg min %
%

∂ĝ%
∂%

2

(22)
2

Note that the optimal % = [%(1), %(2), ..., %(C)]T can be estimated similarly to Equation (22) using the Cauchy-Schwarz
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for each of these classes were randomly picked to be used as
training samples. All other samples composed the test set.
The second classification problem is Pavia. In this case three
distinct maps (‘Pavia University’, ‘Pavia Center’, and ‘Pavia
Extended’) are considered in order to derive conclusions for
different types of urban environments. The flight over the city
of Pavia, Italy, was organized by DLR (Deutsche Luft- und
Raumfahrtgesellschaft, the German Aerospace Agency) in the
framework of the HySens project, sponsored by the European
Union. The used sensor in this case was the ROSIS-03, which
provides 115 bands with a spectral coverage ranging from 0.43
to 0.86µm and a bandwidth of 4nm. The spatial resolution in
this case is 1.3m per pixel.
In the ‘Pavia University’ dataset, the dimensions of the
picture are 610 × 340 pixels. Twelve noisy bands have been
removed, leaving 103 spectral bands. The classes of interest
are the following nine: tree, asphalt, bitumen, gravel, metal
sheet, shadow, bricks, meadow, and soil. The second dataset
is ‘Pavia Center’, with a size of 1096 × 489 pixels. The
classes of interest are nine: water, tree, meadow, brick, soil,
asphalt, bitumen, tile, and shadow. The third dataset is ‘Pavia
Extended’. The original size of the image was 1096 × 1096
pixels, including a 381 pixel wide black band in the left-hand
part of the image that was removed, resulting in a two-part
image of 1096 × 715 pixels. Thirteen noisy bands have been
removed, leaving 102 spectral bands. The classes of interest
are the same nine as in the ‘Pavia Center’ case. For each of
the Pavia datasets we consider a training set that is slightly
smaller than the ones in [16], [36] and specifically it includes
5174 training samples for ‘Pavia Center’, 2197 for ‘Pavia
University’ and 7409 for ‘Pavia Extended’.
B. Model parameters and feature selection
We start the assessment with a comparison between the
random forest algorithm and a standard state of the art classification based on SVM. For both models we progressively
add more features, according to the four steps of our feature
extraction methodology (Fig. 2), starting from MNF, going to
abundance maps (AM), proceeding with NWFE, and finally
adding the synthetic features. The SVM model is using the
Radial Basis Function (RBF) kernel with its parameters being
selected using cross validation. For random forest, a relaxed
choice in terms of using the larger of the three proposed values
√
for the feature set splitting variable (mtry = 2 p) was made,
since the initial assumption is that we do not want to be
too aggressive in reducing variance (at the expense of bias)
compared to the case of using just the tree bagging ensemble
(mtry = all). The comparison is focused on the two most
challenging of the four datasets, namely ’Indian Pines’ and
’Pavia University’ since these two are the most difficult of the
datasets and some significant performance difference can be
achieved as more features are added.
As can be seen from Tables II and III, the random forest
algorithm outperforms the SVM seven out of eight times,
even with the optimal parameter selection (through crossvalidation) for the SVM. The tables also show that the impact
of data preparation (e.g. extracting the right features) on

Indian Pines
MNF
+ AM
+ NWFE
+ Synthetic

SVM (%)
70.41
81.34
79.45
81.08

√
RF 2 p (%)
72.59
80.92
80.48
87.44

TABLE II: SVM versus RF results for Indian Pines
Pavia University
MNF
+ AM
+ NWFE
+ Synthetic

SVM (%)
86.93
89.21
91.08
93.65

√
RF 2 p (%)
88.57
90.85
91.12
95.01

TABLE III: SVM versus RF results for Pavia University

both bias and variance reduction can be quite significant.
Another important observation is that the SVM for the ‘Indian
Pines’ case is getting its best accuracy with only the MNF
components and the abundance maps as features, while the
random forest has a small degradation in accuracy with NWFE
but gains significantly when the synthetic features are added.
This implies that the random forest is less prone to overfitting
the training set as the number of predictor variables increases,
more robust to the Hughes phenomenon, or both.
In the second experiment we consider how the parameters of
the random forest algorithm affect the bias-variance tradeoffs
and what is the impact of feature selection. Three cases for
feature selection are considered that are ‘All’ (all features
are kept), ‘Select > 0’ (keep only features with a positive
impact factor) and ‘Select > 0.3’ (keep only features with
an impact factor > 0.3). In all cases we consider the full
feature set (MNF, abundance maps, NWFE, and synthetic) for
initialization. We evaluate a version of the random forest that,
as in the previous case, is less aggressive in reducing variance
√
(mtry = 2 p) and an evaluation is done with 100 and 500
trees. As can been seen from Tables IV and V, all models
that have 500 trees are benefiting from the application of
some form of feature selection (either the conservative one that
selects all features with positive impact or the more aggressive
one). With less trees the estimation of important features can
be unstable, therefore using all the features might be the best
choice (e.g., in the ‘Indian Pines’ case).
Particularly for ‘Pavia University’, the models perform best
with aggressive feature selection (‘Select > 0.3’). In the
‘Indian Pines’ case the random forest performs better with
conservative feature selection (‘Select > 0’) and the tree
bagger performs better with the aggressive selection. This is
justified if we consider that random forest inherently reduces
variance by limiting the number of features used in every node
while tree bagger relies on explicit feature selection for the
same effect. Finally, both models benefit from an increase in
the number of trees in the ensemble. A higher number of trees
increases the variance reduction benefit of bagging, while for
the random forest case, it provides more opportunities for
key features to be selected, further stabilizing the selected
hypothesis. The best classification results for the ‘Indian Pines’
and ‘Pavia University’ cases are presented in Fig. 3 and 4, both
before and after segmentation.
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Fig. 4: Classification results for Pavia University using random
forests before (up) and after (down) segmentation
Fig. 3: Classification results for Indian Pines using random
forests before (up) and after (down) segmentation
C. Impact of post-classification segmentation
Indian Pines
√
RF (2 p), 100
√
RF (2 p), 500
Tree bagger, 100
Tree bagger, 500

All (%)
87.44
87.62
86.83
85.49

Select > 0 (%)
87.31
88.07
85.24
85.60

Select > 0.3 (%)
86.56
86.91
85.84
87.58

TABLE IV: Evaluating the effect of feature selection: Results
for Indian Pines
Pavia University
√
RF (2 p), 100
√
RF (2 p), 500
Tree bagger, 100
Tree bagger, 500

All (%)
95.01
95.42
95.45
95.21

Select > 0 (%)
95.28
95.72
94.59
94.86

Select > 0.3 (%)
95.71
96.01
94.94
95.10

TABLE V: Evaluating the effect of feature selection: Results
for Pavia University

Finally, we consider the comparison of the best results
achieved in the previous tables (e.g., with all features, optimal
feature selection, 500 trees, etc.) for all the considered models
(SVM, tree bagger ensemble, and three realizations of the random forest for the three different values of mtry proposed in
the literature). On top of the classification outcome, in this case
we apply also post-classification segmentation, as described in
Section V. Specifically, Equation (20) is solved using the ICM
algorithm where the optimal attraction parameter vector % is
found by minimizing the gradient of the estimated label field
as per Equation (24). In this experiment we consider all the
available hyperspectral images, to allow a comparison of the
different classifier models in a broad range of cases, but also
to assess the outcome of segmentation in classification results
that vary significantly covering a range between 81% and 99%
accuracy (Tables VI - Table IX).
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Indian Pines
Tree bagger
√
RF (2 p)
√
RF ( p)
√
RF (0.5 p)
SVM

Classification (%)
87.58
88.07
86.24
85.38
81.08

Segmentation (%)
93.03
92.31
90.93
91.43
89.22

TABLE VI: Classification results for Indian Pines
Pavia University
Tree bagger
√
RF (2 p)
√
RF ( p)
√
RF (0.5 p)
SVM

Classification (%)
95.45
96.01
95.35
94.16
93.65

Segmentation (%)
96.72
97.99
97.37
97.14
96.67

TABLE VII: Classification results for Pavia University

A first observation is that the application of the proposed
post-classification scheme improves classification accuracy for
all datasets and classifiers. We observe that the random forest
algorithm provides the best classification result in two (‘Indian
Pines’ and ‘Pavia University’) of the four cases, however after
application of segmentation it provides the best overall result
only in the case of ‘Pavia University’ and the tree bagging
ensemble overtakes it as the best choice for ‘Indian Pines’.
This is an important observation that shows in practice that
the different steps of the hyperspectral image classification
problem are closely related in terms of the bias-variance
tradeoff: the tree bagger ensemble had (significantly) more
variance and less bias after just classification compared to
the random forest, but since a large part of the variance was
addressed by the segmentation, it emerged as a better overall
choice.
Another important observation is that the SVM model
(using the optimal parameters derived from cross-validation)
does relatively poorly in the ‘Indian Pines’ case but excellent
in the ‘Pavia Center’, where it also is the best model. In
general the more complex (in terms of allowing additional
variance) models are doing better in the easier cases like ‘Pavia
Center’ and ‘Pavia Extended’, while they are doing less well in
the more difficult problems such as ‘Indian Pines’ and ‘Pavia
University’. A more challenging dataset (e.g., with presence
of shadows) would probably further underline this property,
Pavia City
Tree bagger
√
RF (2 p)
√
RF ( p)
√
RF (0.5 p)
SVM

Classification (%)
98.73
98.34
98.41
98.36
98.76

Segmentation (%)
99.25
99.25
99.21
99.21
99.53

TABLE VIII: Classification results for Pavia Center
Pavia Extended
Tree bagger
√
RF (2 p)
√
RF ( p)
√
RF (0.5 p)
SVM

Classification (%)
99.07
99.01
98.81
98.76
98.93

Segmentation (%)
99.56
99.55
99.52
99.55
99.52

TABLE IX: Classification results for Pavia Extended

favoring models that are better at reducing variance.
Finally, it is also interesting to observe that the post segmentation results for ‘Pavia Extended’ are remarkably close in
terms of accuracy, an indication that the models have squeezed
almost every available performance point and are close to the
theoretical maximum.
D. Best practices for hyperspectral image classification
We conclude the experimental Section with some generic
guidelines and best practices for classification of hyperspectral
imagery. Attempting to lower the bias by using complex
learners is only useful when parameters can be estimated
reliably. This requires a relatively large training set and/or
small amount of measurement noise. In fact, since all steps
of the classification process risk increasing variance error, the
stability of the hypothesis should be tested: if a method, when
applied to different training subsets, produces hypotheses
with significantly different predictions, this indicates that the
variance component of error might be dominant.
In the case of noisy hyperspectral images (e.g., presence
of shadows, noisy bands or other artifacts), the models can
suffer from significant variance, therefore choices should be
more focused at reducing the variance component rather than
selecting an optimal bias. This applies not only to the learning
algorithm itself (favoring variance-focused tradeoffs) but to
the other stages as well (e.g., favoring a smaller value for
mtry or more aggressive feature selection). However, the
application of post-classification segmentation can change the
game, allowing less variance reduction in the classification
part (like with the tree bagging ensemble or SVM) since
the segmentation will further improve the variance error. This
means that a hypothesis that is not the absolute best one in
terms of classification performance due to variance error can
result in a better outcome compared to the best classification
result after segmentation has been applied to both.
With respect to the selection of models and models parameters, cross-validation is the most frequently used method, but
as an empirical technique it can be misused, resulting in nonoptimal selections. One of the most known pitfalls is using
cross-validation to assess several parameters of the model,
and only reporting the outcome for the hypothesis with the
best results. If the number of parameters to be selected is
significant this contaminates validation to a train scenario and
the error estimate becomes strongly biased. Another problem is
performing the initial analysis to identify the most informative
features using the entire data set; if feature selection or model
tuning is required by the modeling procedure (like in the
NWFE transform in our case), this must be performed on each
training set. Furthermore, if cross-validation is used to decide
which features to keep, an inner cross-validation to carry out
the feature selection on every training set must be performed.
Finally, having some of the training data also included in the
validation set (e.g., due to “twinning”, a case in which some
identical or almost identical samples are present in the data
set) can result to misleading error estimations. As long as
such pitfalls are avoided, cross-validation remains the most
systematic way of selecting between models.
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Our final remark goes to the application of Markov-Random
field based methods in post-classification. We stress the fact
that the parameters of an MRF typically cannot be optimized
via cross-validation as most training sets will not contain
enough spatially connected pixels to estimate e.g. the attraction or regularization parameter. Instead, approaches such
as Tikhonov’s quasi-optimality criterion or methods such as
augmented Tikhonov regularization [88] are elegant ways to
optimize the respective parameters using only the data at hand.
VII. C ONCLUSION
We presented a unified framework for hyperspectral image
classification. Its novelty lies in the fact that it considers
all steps of a classification chain such as feature extraction,
feature selection, classification, and post-processing from a
bias-variance decomposition point of view. This allows for the
formulation of a consistent framework that jointly optimizes
the steps of the classification process and thus improves
accuracy. Further contributions include the formulation and
systematic evaluation of ensemble learning, feature selection
and Markov Random-Field-based post-processing in four standard hyperspectral imaging datasets. Our analysis revealed that
random forests with embedded feature selection are highly
effective methods in hyperspectral image classification that can
be steered towards a favorable bias-variance tradeoff based on
the properties of each dataset. Finally, the proposed Markov
Random-Field-based post-processing scheme yielded an increase in classification accuracy in all considered cases. The
fact that it was designed in a fully automatic way, estimating
its parameters from the data at hand, makes it an attractive
tool in classification of hyperspectral imagery.
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