
Feature Selection 

 Statistical Methods 
 Statistically try to separate clusters 
 Results in two types of errors 
 A pixel is assigned to a class to which it does not 

belong (error of commission) 
 A pixel is not assigned to its appropriate class (error 

of omission) 





Parallelepiped 

 Also known as box decision rule, or level-
slice procedure 
 Based on the values of the training data 



Parallelepiped (supervised) 
 For each training region determine the range of 

values observed in each band. 
 These ranges form a spectral box (or parallelepiped) 

which is used to classify this class type. 
 Assign new image pixels to the parallelepiped which 

it fits into best. 
 Pixels outside all boxes can be unclassified or 

assigned to the closest one. 
 Problems with classes that exhibit high correlation 

between bands. This creates long ‘diagonal’ data-
sets that don’t fit well into a box. 



Parallelepiped example 

Training classes plotted in spectral 
space. In this example using 2 bands. 



Parallelepiped example 
continued 

•Each class type defines a 
spectral box 

•Note that some boxes overlap 
even though the classes are 
spatially separable. 

•This is due to band correlation in 
some classes. 

•Can be overcome by 
customising boxes. 



Parallelepiped example 

• The algorithm tests a pixel to see if its spectral 
   values fall within the bounds of each class. 
• Pixels are sequentially tested against the defined 
   classes (i.e., class 1 is tested first, class 2 is tested 
   next, etc.). 
• As soon as the test is passed, the pixel is classified 
   and the algorithm moves on to the next pixel. 
• This classifier is mathematically simple. 
• Problem: We will have ambiguities when working 
   with classes with overlapping bounds. 





Parallelepiped example 

• The checking procedure stops once the digital 
   numbers, associated with the investigated pixel, 
   lies within the bounds of a certain class. 
 – The classification result is order dependent. 
• In other words, the final classification result 
   depends on how the classes are numbered. 
• This is not a desirable feature. 
• Solution: Minimum distance classifier. 





Minimum Distance Classifier 
• Any pixel in the scene is categorized using the 
  distances between: 
 – The digital number vector (spectral vector)  
     associated with that pixel, and 
 – The means of the information classes derived from 
     the training sets. 
• The pixel is designated to the class with the shortest 
  distance. 
• Some versions of this classifier use the standard 
   deviation of the classes to determine a minimum 
   distance threshold. 



Minimum Distance Classifier 
• If minimum distance is greater than the threshold, 
   the pixel will be considered unclassified. 
 – This pixel does not belong to any of the 
     classes represented by the training set. 
• This classifier is slower than the parallelepiped 
   classifier 
• This classifier is mathematically simple. 
• Problem: We do not use the standard deviation 
   derived from the training data. 



Maximum likelihood 
(supervised) 
 For each training class the spectral variance and 

covariance is calculated. 
 The class can then be statistically modelled with 

a mean vector and covariance matrix. 
 This assumes the class is normally distributed. 

Which is generally okay for natural surfaces. 
 Unidentified pixels can then be given a 

probability of being in any one class. 
 Assign the new pixel to the class with the 

highest probability – or unclassified if all 
probabilities low. 



Maximum likelihood 
(supervised) 

 



Maximum likelihood example 

Equiprobability 
contours 

• Normal probability distributions 
are fitted to each training class. 

• The lines in the diagram show 
regions of equal probability. 

• Point 1 would be assigned to 
class ‘pond culture’ as this is 
most probable. 

• Point 2 would generally be 
unclassified as the probabilities 
of fitting into one for the 
classes would be below 
threshold. 

1 

2 



Maximum likelihood example 
• Characteristics: 
 – Generally produces the most accurate 
    classification results. 
 – Assumes normal distribution of the     
    spectral data within the training classes. 
 – Mathematically complex. 
 – Computationally slow. 



ISODATA (hybrid) 
 Extends k-means. Also calculate standard deviation 

for clusters. 
 After mean location is re-calculated for each cluster 

we can either: 
 Combine clusters if centers are close. 
 Split clusters with large standard deviation in any 

dimension. 
 Delete clusters that are to small. 

 Then reclassify each pixel and repeat. 
 Stop on max iterations or convergence limit. 
 Assign class types to spectral clusters. 







Example ISODATA 

Band 1

B
an

d 
2

1. Data is clustered 
but blue cluster is 
very stretched in 
band 1. 

2.Cyan and green 
clusters only have 2 
or less pixels. So 
they will be 
removed. 

Band 1

B
an

d 
2

Band 1

B
an

d 
2

3. Either assign 
outliers to nearest 
cluster, or mark as 
unclassified. 



Bayes’s Classification 
 Bayesian classification is based on the probability of 

observing a particular class given a particular pixel 
value 

 Lets play a simple game with two sets of dice. 
 One normal pair 
 One augmented pair – 2 extra spots per side 

 Player 1 selects a pair of dice randomly and rolls 
then, announcing only the outcome 

 Player 2 names which type of dice were used  



Bayes’s Classification 

 To determine the decision boundary we can 
list all possible outcomes, and how likely 
each one is. 
 For normal dice values 2 – 12  
 For augmented dice 6- 16 

 How likely is each? 
 To get 2, there is only one way to roll 
 To get 3, there are two ways (1 and 2, or 2 and 1) 







Bayes’s Classification 

 The histograms become discriminant 
functions, and the decision boundary can be 
set based on the most probable outcome in 
any given case 
 If a 7 is the outcome, it could have come from 

either pair of dice, but more likely from the 
standard pair 

 If a 4, then it is most assuredly from the standard 
pair 



Bayes’s Classification 

 Now lets assume we are trying to guess the 
type of groundcover 

 We could estimate the probabilities from 
training areas 
 We would generate histograms to estimate the 

probability function for each class 
 Use these probabilities to separate pixels 





K-Nearest Neighbors 



k Nearest Neighbor 
 Requires 3 things: 

 The set of stored records 
 Distance metric to compute 

distance between records 
 The value of k, the number of 

nearest neighbors to retrieve 

 
 To classify an unknown record: 

 Compute distance to other 
training records 

 Identify k nearest neighbors 
 Use class labels of nearest 

neighbors to determine the class 
label of unknown record (e.g., by 
taking majority vote) 

? 



k Nearest Neighbor 
 Compute the distance between two 

points: 
 Euclidean distance 
    d(p,q) = √∑(pi – qi)2 
 Hamming distance (overlap metric) 

 
 

 Determine the class from nearest 
neighbor list 
 Take the majority vote of class labels among 

the k-nearest neighbors 
  

        
 



k Nearest Neighbor 

 Choosing the value of k: 
 If k is too small, sensitive to noise points 
 If k is too large, neighborhood may include points from 

other classes 
 Choose an odd value for k, to eliminate ties 

 k = 3: 
 Belongs to triangle class 

 k = 7: 
 Belongs to square class 

? 

 k = 1: 
 Belongs to square class 



k Nearest Neighbor 
 Accuracy of all NN based classification, 

prediction, or recommendations depends solely 
on a data model, no matter what specific NN 
algorithm is used. 

 Scaling issues 
 Attributes may have to be scaled to prevent distance 

measures from being dominated by one of the 
attributes. 

 Examples 
Height of a person may vary from 4’ to 6’ 
Weight of a person may vary from 100lbs to 300lbs 
 Income of a person may vary from $10k to $500k 

Nearest Neighbor classifiers are lazy learners 
 Models are not built explicitly unlike eager learners. 



k Nearest Neighbor 
Advantages 
 Simple technique that is easily implemented 
 Building model is cheap 
 Extremely flexible classification scheme 
Well suited for 

 Multi-modal classes 
 Records with multiple class labels 

 Error rate at most twice that of Bayes error rate 
 Cover & Hart paper (1967)  

Can sometimes be the best method 
 Michihiro Kuramochi and George Karypis, Gene Classification using Expression 

Profiles: A Feasibility Study, International Journal on Artificial Intelligence Tools. Vol. 
14, No. 4, pp. 641-660, 2005 

 K nearest neighbor outperformed SVM for protein function prediction using 
expression profiles 



k Nearest Neighbor 
Disadvantages 
 Classifying unknown records are 

relatively expensive 
 Requires distance computation of k-nearest 

neighbors 
 Computationally intensive, especially when 

the size of the training set grows 
 Accuracy can be severely degraded by 

the presence of noisy or irrelevant 
features 
 



Many Classifiers 







Ground truth 

 Ideally the training regions need to be based 
on ground observation. 

 They should be large enough to capture all 
the spectral variability in the class type. 
 E.g. different types of forest, shallow water and 

deep ocean etc. 
 Do not need to get too detailed otherwise 

classes will not be spectrally separable. 



Ancillary Data 

 Acquired by other means 
 Used to assist in classification or analysis 
 Maps, reports, other data 

 Primary requirements 
 Available digitally 
 Pertain to the problem 
 Compatible with the RS data 



Ancillary Data 

 Incompatibility is a serious problem 
 Physical – digital formats  
 Logical – data usually collected for another 

reason 
 Scale 
 Resolution 
 Date 
 accuracy 



Ancillary Data 

 Stratification – subdivide the image into that 
are easy to define using ancillary data 
 Elevation could be used to look at alpine 

vegetation separately from lowland 
 Postclassification sorting – examine 

confusion matrix and look in more detail  at 
confused classes 



Post classification 
 Can check non-training regions with more 

ground truth if available. 
 Calculate classification statistics. 
 Confusion Matrix: Columns show ground truth, rows 

show how many pixels are assigned to each class. 
 Overall accuracy: Total correct pixels/total pixels 
 Commission errors: Incorrect pixels assigned to a 

class 
 Omission errors: Pixels in class that are assigned a 

different class 

 Visually check to see if any major errors or 
unwanted features. 



Classification and Regression 
Tree Analysis 

 Classification and Regression Tree Analysis 
(CART) is a method to incorporate ancillary 
data into image classification 

 Requires accurate training data, but not prior 
knowledge of the role of the variables 

 Advantage is that it identifies useful data and 
separates it from those that don’t contribute 
to the  classification. 



Fuzzy Clustering 

 Traditional methods allow a pixel to be 
identified only with a single cluster 
 There are many processes which can make 

matching problematic 
 So many pixels will be incorrectly labeled 

 Fuzzy logic allows partial membership 
 Instead of a water pixel, it could be 0.7 water and 

0.3 forest. 



Neural Networks 

 Artificial Neural Networks (ANN) are 
computer programs that simulate the brain 
 Establishment of linkages and then reinforcement 

of linkages between input and output. 
 Generally comprised of three elements 
 Input layers – source data 
 Hidden layers – association by weights 
 Output layer - classes 



 



Neural Networks 

 There can be forward propagation – the 
normal training to classification sequence 

 Backward propagation is a retrospective 
analysis of input and output which allows 
adjustment of the weights 
 This creates a transfer function 
 Quantitative link between input and output 
 Weights may show some bands are more effective for 

certain classes and other bands for different classes 



Contextual Classification 

 Context is derived from spatial relationships 
within the image 
 Can operate on either classified or unclassified 

scenes 
 Usually some classification has been done 

 It reassigns pixels as appropriate based on 
location (context) 



Contextual Classification 

 



Contextual Classification 

 



Contextual Classification 
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