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Abstract 
The process of estimating thematic errors in the classification of remotely sensed imagery 
generally involves the use of the confusion matrix. Though measures of overall and per-class 
accuracy may be derived from the confusion matrix there is no information on where thematic 
error occurs. However, spatial variation in thematic error can be a key variable in 
determining errors when overlay operations such as change detection are carried out. One 
method of indicating thematic error on a per-pixel basis is to use the outputs of a classifier to 
estimate the uncertainty associated with the allocation of a particular class to the pixel. This 
probabilistic approach has been used previously, but studies have generally used a single 
classifier and so comparisons of the relative accuracy of classifiers for deriving thematic 
uncertainty measures have not been made. Also, the effects of classifier training on estimation 
of thematic uncertainty have not yet been examined. This paper compared three classification 
methods for estimating thematic uncertainty for a sand dune test site at Ainsdale, Southport, 
UK using data acquired by the Compact Airborne Spectrographic Imager. The classifiers used 
were the maximum likelihood (ML), the multi-layer perceptron (MLP) neural network and 
probabilistic neural network (PNN). The paper also examined the effect of varying the training 
of neural network classifiers on estimating thematic uncertainty by altering the number of 
iterations and the architecture of the MLP and the smoothing function of the PNN. The MLP 
and PNN with the largest proportion of correctly allocated cases, Po, had larger overall 
accuracies than the ML (ML Po = 0.774; MLP Po = 0.827; PNN Po = 0.827). A significant, at 
99.999% confidence, one-to-one relationship between predicted and actual thematic 
uncertainty was found for all classifiers. This indicates that all the classifiers tested were able 
to estimate thematic uncertainty. The MLP and PNN estimated thematic uncertainty with 
similar accuracy, but the ML was less accurate than both classifiers. However, the MLP and 
PNN that had the largest overall accuracy were not the classifiers that estimated thematic 
uncertainty most accurately. The number of iterations used in training for the MLP was 
significantly correlated with accuracy of estimation of thematic uncertainty (adjusted-
r2 = 0.324, p = 0.046). The smoothing function of the PNN clearly influenced the overall 
accuracy and the accuracy of thematic uncertainty estimation, though a significant correlation 
was not found when linear, log-linear and polynomial regressions were applied. The results of 
the study are discussed in terms of selecting the most suitable classifier for mapping land 
cover or predicting thematic error, as the most appropriate classifier for each task may be 
different.  

Keywords: thematic uncertainty, classification, maximum likelihood classifier, multi-layer 
perceptron, probabilistic neural network 
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1 Introduction 
As use of digital map data increases there is a realisation within the fields of remote sensing 
and geographical information science that quantifying the error within spatial datasets is 
essential if errors within outputs derived from these datasets are to be understood (Gahegan 
and Ehlers 2000). When digital map datasets are combined, for example in land cover change 
detection, errors within the input map data can have an additive effect, resulting in outputs that 
may contain large errors. The error within map data may be quantified in two main ways; as a 
global measure that describes the error as a single value per-map (Janssen and van der Wel 
1994) or a local measure that describes the variation in error across a map (Foody 2005), 
commonly as a single value per-pixel. Many remote sensing studies provide global measures 
in the form of the overall classification accuracy or an overall geometric accuracy. These 
global measures of the accuracy of a map are assumed to apply equally across the map. 
However, studies have shown that error varies spatially across maps derived from remotely 
sensed data (Foody 2005), which a global error measure cannot model. A local measure of 
error would be able to describe the spatial variation in error, enabling more accurate modelling 
of errors and potentially their reduction when datasets were combined.  

One approach used to estimate the spatial distribution of the thematic errors in a classification 
is to estimate the thematic uncertainty or the probability of correct allocation of a given class 
to a pixel. To estimate thematic uncertainty studies have used the, often discarded, outputs 
from classifiers such as the posterior probabilities of the maximum likelihood (ML) classifier 
and activation levels of the multi-layer perceptron (MLP) neural network classifier (Foody et 
al. 1992, Foody 2000). It is possible to generate values that not only provide measures of 
thematic uncertainty associated with the correct allocation of a class to a pixel, but also the 
most likely alternative classes. In addition to a land cover map these approaches allow 
additional data to be derived in the form of thematic uncertainty data that map the spatial 
distribution of predicted thematic uncertainty. This may be used in a qualitative way to assess 
the accuracy of a map or as an input for data merging operations such as land cover change 
detection. 

This study examined three methods of deriving thematic uncertainty measures that had a 
variety of output and parametric characteristics; the ML, MLP and probabilistic neural network 
(PNN) (Table 1). Of these classifiers the ML and MLP are routinely used in remote sensing. 
The PNN is less commonly used, but has characteristics that make it suitable for predicting 
thematic uncertainty. The PNN is a non-parametric Bayesian classifier and so directly outputs 
Posterior probabilities, unlike the MLP, and there is no requirement for the input data to be 
normally distributed, unlike the ML classifier. Previous studies have examined the use of 
classifier outputs to predict thematic uncertainty, but have not compared classifiers, or looked 
at the impact of the setup of the classifiers during training on their ability to accurately predict 
thematic uncertainty.  

Table 1 Characteristics of the classifiers used in this study. 

Classifier Outputs Parametric 

Maximum likelihood Posterior probabilities Yes 

Multi-layer perceptron Activation level No 

Probabilistic neural network Posterior probabilities No 
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1.1 Maximum likelihood classifier 
The most common of the traditional parametric approaches to classification is maximum 
likelihood (ML) classifier (Richards 2005). The ML classifier provides an approach for 
classifying remotely sensed data that is relatively easy to understand and to carry out. In the 
ML approach, class mean vectors in feature space and variance-covariance matrices for each 
class are generated from training data. Probability density functions for all classes are then 
derived from these statistics. The posterior probabilities of class membership are estimated for 
each pixel and the pixel is then allocated membership to the class that it has the greatest 
probability of membership to. Limitations to the ML approach include the assumptions that 
data distribution is Gaussian and data layers are not correlated. Further information on the 
limitations of the ML classifier are given in Benediktsson et al. (1990).  

1.2 Neural networks 
Neural networks are the computing equivalent of a very simple biological brain. They provide 
a possible solution to a variety of problems in remote sensing including classification and 
biophysical property extraction. Neural network and statistical methods of classification are 
fundamentally different in that statistical approaches depend on an assumed model, while 
neural networks depend on data (Atkinson and Tatnall 1997). This means that the underlying 
assumptions made for statistical classification, such as the data are normally distributed and 
data layers are not correlated, do not need to be met for neural networks. In this study two 
neural networks were used, the MLP and the PNN.  

1.2.1 Multi-Layer Perceptron (MLP) 
The MLP is the most commonly used neural network and a description is given in Atkinson 
and Tatnall (1997). The output of the MLP or activation levels have been used as indicators of 
class membership on a per-pixel basis (Gong et al. 1996, Foody 2000). Gong et al. (1996) 
generated per-pixel measures of thematic uncertainty by normalising activations so that the 
total output from every pixel summed to one, where a pixel with a large normalised activation 
was assumed to have a large probability of correct class allocation.  

1.2.2 Probabilistic Neural Network (PNN) 
The PNN proposed by Specht (1990) is less frequently used in remote sensing than the MLP. 
The PNN was tested in this study as it is a non-parametric method of outputting posterior 
probabilities for every class (Specht 1990), making it particularly suitable for deriving 
thematic uncertainty measures. The PNN is a feedforward network that has three layers in the 
same layout as a MLP with a single hidden layer: input, pattern and output. The input layer 
contains as many nodes as there are input data layers. The pattern layer corresponds to the 
hidden layer in the MLP and has as many nodes as there are training pixels. Each node in the 
pattern layer models a kernel based on the point represented in feature space by the training 
pixel. The output layer contains as many nodes as there are classes. Each node in the pattern 
layer is only connected with the class output node associated with the training data and sums 
the inputs from the pattern layer. The width of the kernel distribution is determined by the 
operator and is known as the smoothing function, h. When the smoothing function is too large, 
the estimated PDF is over-smoothed, resulting in an inaccurate classification (Bishop 1995). 
For an infinite sample size, as h tends to zero, the PDFs will approach an exact representation 
of the density. For a finite sample, as h tends to zero, the PDF will approach a set of delta 
functions representing each training sample, resulting in a noisy representation of the PDF. 
PNNs have advantages over networks that are trained iteratively, as training only requires 
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generation of kernels for each of the training pixels. The only variable that needs to be 
determined is the smoothing function and this may be determined by experimentation. 
However, each training point is represented by a node in the radial layer and so the allocation 
process can be very intensive computationally, especially if large training samples are used. 
The generation of the PDFs for each class by PNNs mean that the outputs may be interpreted 
directly as posterior probabilities. 

2 Methods 

2.1 Data 
The test site used in this study was the Ainsdale Sand Dunes National Nature Reserve, 
Southport, UK (Figure 1). Light detection and ranging (LiDAR) digital surface model (DSM) 
data and multispectral Compact Airborne Spectrographic Imager (CASI) imagery were 
acquired on 11th September 2002 between 0940 and 1010 UT by the UK Environment Agency 
(EA). The images were orthorectified automatically using the attitude from an inertial 
measurement unit, the position from post-processed global positioning system (GPS) data 
(Brown et al. 2003) and a 2 m LiDAR digital surface model and resampled to a 1 m grid using 
nearest neighbour interpolation. The images were mosaiced and the overlap areas were 
histogram matched to radiometrically normalise the imagery. 

 

 
Figure 1 Ainsdale Sand Dunes test site. Bottom image is a CASI imagery of Ainsdale. 

Ground data for eight classes; Water, Sand, Pure Marram grass, Grass and herbaceous 
vegetation, Reeds and rushes, Creeping Willow, Sea Buckthorn and Woodland, were acquired 
within 10 days of the remotely sensed data. Two types of ground data were acquired. 
Contiguous area of a class were identified on imagery and used for training data. In addition, 
point sampling data were acquired using geographically stratified random sampling, using a 
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square sampling strategy. The size of the strata used was selected by estimating the maximum 
number of data points that could be collected within the study area in the time available for 
ground data collection, resulting in 60 m squares. At each of the points the dominant land 
cover type within a 1 m quadrat was determined and its position fixed using differential GPS.  

2.2 Classification 
All classifiers used in this study were trained using 1000 pixels per-class randomly selected 
from the ground data. Prior probabilities for use in the ML and PNN were estimated by photo 
interpretation of 786 points using a geographically stratified random sampling strategy, with 
the same units as the accuracy assessment data, but separate randomly selected points within 
each stratum (Table 2). 

Table 2 Estimated prior probabilities used in ML and PNN training. 

Water Sand Marram Grass Reeds Creep Buckthorn Woodland 

0.06870 0.08015 0.03944 0.37405 0.02290 0.09542 0.01018 0.30916 
 

MLPs with between 5 and 40 nodes in a single hidden layer were trained for 250, 500, 750, 
1000, 1500, 2000, 2500, 3000, 3500 and 4000 iterations. To reduce the total number of 
networks tested, a fixed learning rate and momentum were used of 0.1 and 0.3 respectively 
were used for all architectures. These values had been used in previous studies using the data 
in this study (Brown 2005) and did not result in large oscillations in error during training and 
networks did not stick in local error minima during the training process. The activation levels 
from the MLP were normalised, so that the sum of activations for any pixel equalled one. The 
nodes in the pattern layer of the PNNs generated modelled Gaussian distributions with a σ 
value equal to the smoothing function. PNN networks were generated with the following range 
of smoothing functions: 0.0025, 0.005, 0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1, 
0.11, 0.12, 0.13, 0.14, 0.15, 0.16, 0.17, 0.18, 0.19, and 0.2.  

2.3 Thematic uncertainty prediction 
The accuracy of the classifiers in predicting thematic uncertainty was tested using the 
following two measures; class independent thematic uncertainty (CIU) root mean square error 
(RMSE) and class specific thematic uncertainty (CSU) RMSE. The CIU RMSE used the 
activation or posterior probability outputs for all eight classes at every pixel. These were 
binned into 10 equal bins between zero and one, resulting in an average posterior probability 
or activation and the proportion of times that each output was correct. The CIU RMSE was 
calculated from the difference between these values. The CSU RMSE used the output 
probabilities or activations for every pixel that belonged to a specific class were averaged and 
the average number of times that the pixels allocated to that class were correct (the User’s 
accuracy) were derived. The CSU RMSE was calculated from the difference between these 
values. F-tests were carried out assuming that predicted and actual uncertainty should have a 
one-to-one relationship for both CIU and CSU. The CIU RMSE indicates how accurately the 
classifier will predict the thematic uncertainty associated with the correct allocation of all 
pixels. However, this value will be biased towards the classes that cover the largest area and 
will not indicate how well the classifier predicts the uncertainty for all classes. The CSU 
RMSE indicates how accurately the classifier predicts the thematic uncertainty for all classes. 
This value will be biased towards the classes that cover the smallest area. For example, the 
CIU error may be small for a classifier that is not able to predict the uncertainty associated 
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with some classes. If the number of cases of those inaccurately predicted classes were small 
they would not influence the CIU. As the CSU gives equal weighting to each class, the CSU 
error for a classifier that did not predict the thematic uncertainty for classes that covered small 
areas would be large.  

2.4 Effect of neural network setup and training variables  
The correlations between network variables, such as number of iterations and number of 
nodes, and the accuracy and thematic uncertainty measures derived were tested using 
regression. Regressions were applied using linear, log-linear and second order polynomial 
relationships to determine the relationships between network variables and thematic accuracy 
or thematic uncertainty. These regression models were used as they could provide an 
indication of simple relationships for deriving heuristics to maximise thematic accuracy and 
the accuracy of thematic uncertainty measures. The correlation with the largest adjusted-r2 was 
assumed to most representative of the relationship. 

3 Results 
The results from the ML and the most accurate MLP and PNN in terms of thematic accuracy 
and prediction of thematic uncertainty are given in Table 3. None of the classifiers tested was 
the most accurate for all measures used.  

Table 3 Selected thematic accuracy and uncertainty results for the ML classifier and the most accurate 
MLP and PNN classifiers. 

Classifier Po 
CIU 
RMSE 

CIU F-test 
p-values CSU RMSE 

CSU F-test 
p-values 

ML 0.774 0.147 <0.001 0.428 NS 

MLP 10 nodes 1000 iterations 0.791 0.059 <0.001 0.054 <0.001 

MLP 25 nodes 2000 iterations 0.827 0.092 <0.001 0.055 <0.001 

MLP 25 nodes 2250 iterations 0.827 0.095 <0.001 0.064 <0.001 

MLP 30 nodes 3500 iterations 0.813 0.109 <0.001 0.025 <0.001 

PNN h=0.02 0.827 0.077 <0.001 0.063 <0.001 

PNN h=0.11 0.749 0.019 <0.001 0.560 NS 
 

There were three classifiers with the largest Po, the PNN where h=0.02 and the MLPs with 25 
nodes that had been trained for 2000 and 2250 iterations. For all classifiers there was a 
significant, at 99.999% confidence, one-to-one relationship between predicted and actual CIU. 
The classifier with the smallest CIU error was the PNN where h=0.11, however this classifier 
had one of the largest CSU error and a one-to-one relationship between predicted and actual 
CSU was not significant at 95% confidence. It was therefore likely that this PNN would not be 
able to predict the thematic uncertainty associated with all classes. It was found that this PNN 
had completely misclassified three of the less common classes and as it had the smallest Po and 
the smallest CSU RMSE it would be unsuitable for mapping purposes. All the other classifiers 
apart from the ML had a significant, at 99.999% confidence, one-to-one relationship between 
predicted and actual CSU. The classifier with the smallest CIU RMSE was the MLP with 10 
nodes, trained for 1000 iterations, but this classifier had a Po 3.6% smaller than the most 
accurate classifiers. The ML classifier was relatively inaccurate compared to those listed in 
Table 3, with the second smallest Po, the largest CIU RMSE and the second largest CSU 
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RMSE and the one-to-one relationship between predicted and actual CSU was not significant 
at 95% confidence. This means that it is likely that the MLP and PNN approach were more 
suitable for accurately mapping and predicting thematic uncertainty than the ML.  
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Figure 2 Thematic accuracy and thematic uncertainty prediction error for: a) MLP as a function of number 

of nodes. b) MLP as a function of number of iterations. c) PNN as a function of h. 

When the accuracy measures were averaged for all MLP networks with a given number of 
nodes, overall accuracy was maximised when the number of nodes in the hidden layer was 25 
(Figure 2.a) and a significant correlation between number of nodes and Po was found (second 
order polynomial; adjusted-r2=0.866, p=0.003). However, there was no significant correlation, 
at 95% confidence, between either CIU or CSU RMSE and number of nodes. When the 
accuracy measures were averaged for all MLP networks for a given number of iterations 
(Figure .b), a significant correlations between Po and number of iterations (log-linear, adjusted-
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r2=0.949, p<0.001), CIU RMSE and the number of iterations (second order polynomial, 
adjusted-r2=0.324, p=0.046), CSU RMSE and the number of iterations (log-linear, adjusted-
r2=0.922, p<0.001). When regressions were applied to the PNN data, no significant 
correlations, at 95% confidence, were found, though examination of Figure .c reveals that there 
is a relationship between the accuracy measures for the PNN and the PNN smoothing function, 
with a peak in Po and a minimum CSU RMSE when h=0.02. 

4 Discussion  
In this study the ML classifier was the least suitable of the classifier types for predicting 
thematic class and thematic uncertainty. One of the reasons for the ML being less accurate is 
likely to be because the data were non-Gaussian, as some of the classes had multiple plant 
types that would have had different spectral characteristics. For example the woodland class 
had deciduous and coniferous trees. This would mean that the ML PDF would be inaccurately 
modelled, particularly at large distances in feature space from the class centroids.  

Identifying the MLP network that modelled thematic uncertainty most accurately was difficult 
to define, as it depended on the definition of thematic uncertainty. If thematic uncertainty was 
defined as being class independent (i.e. CIU), the most accurate network was different from 
the one that was most accurate if CSU was considered (Table 3). Neither of these networks 
matched the architecture for the most accurate network in terms of overall accuracy (Table 3). 
The selection of a network to use would be dependent on the purpose of that use.  

It must be considered that in the case of the MLP, prediction of thematic uncertainty is a by-
product of the classification process. The training process minimises the error of the overall 
classification and does not estimate posterior probabilities. The decision boundaries for an 
MLP are not based on a PDF as with a Bayesian approach to classification. To position the 
decision boundary between classes in a hard classification so that overall accuracy is 
maximised there is no need for a probabilistic output. A large accuracy does not necessarily 
result from the ability of a network to accurately predict thematic uncertainty. The accuracy of 
thematic uncertainty measures derived from the MLP was partially a function of network 
variables such as number of iterations and number of nodes. However, these values should not 
be applied to other datasets, as variation in accuracy of thematic uncertainty measures is also 
dependent on effects other than network architecture that may influence accuracy. These 
include the habitat being classified, the number of classes, the datasets used.  

The PNN Po was dependent on smoothing function. Below the optimum value for accuracy 
(h=0.02), Po decreased rapidly with small changes in smoothing function. This was likely to be 
due to the PDF being a noisy representation of the training data (Bishop 1995). The network 
was able to classify the training data very accurately, but could not generalise to the rest of the 
dataset. For values of smoothing function above 0.02, Po decreased slowly with an increase in 
smoothing function. This was likely to be due to the smoothing function and so the training 
kernels being too large, resulting in an over-smoothed PDF, which would be unrepresentative 
of the posterior probabilities (Bishop 1995). Even though the CIU RMSE reached a minima at 
h=0.11, it is likely that the ability to predict both the class and the thematic uncertainty would 
have been reduced at this value of h, compared with h=0.02. This is because the smoothed 
density function combined with the prior probabilities would have resulted in less common 
classes being highly unlikely to be allocated.  
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Though selecting the most accurate MLP or PNN network or the one that modelled thematic 
uncertainty most accurately was relatively simple, determining network suitability for a 
process such as change detection was more difficult. This was because the requirements of 
error prediction are different for a simple thematic mapping exercise and monitoring such as 
change detection where two or more classifications are combined. If a land cover map is 
required, the most accurate network is likely to be the most suitable. However, for change 
detection there is also a requirement for accurate prediction of uncertainty, to estimate the 
probability of error of the output. In simple terms the optimum network should have the largest 
accuracy and smallest class independent and class specific thematic uncertainty RMSEs. These 
conditions did not coincide for the MLP or the PNN networks. Therefore, a network used for 
change detection where output errors are modelled should be selected carefully to reduce both 
thematic error and thematic uncertainty error. This is likely to result in a compromise between 
small thematic uncertainty errors and small thematic errors. Care has to be taken when 
examining the CIU and CSU RMSE values as they do not necessarily fully represent thematic 
uncertainty accuracy. Using the CIU RMSE, there is no indication of how accurately CSU was 
represented.  

It was likely that the PNN most suited for change detection, in which change from all eight 
classes was a possibility, was the one with h=0.02. This was because of all the PNNs tested 
this network had the largest overall accuracy, was able to represent all classes within the 
classification and could predict the probability that a given class was correct with the least 
error.  

5 Conclusions 
Though both the MLP and PNN are suitable for producing accurate maps of both thematic 
class and thematic uncertainty, the suitability of using either classifier depends on the task to 
be undertaken and the resources available. The PNN produces posterior probabilities directly 
and is relatively easy to set up, as it only requires one training variable to be specified, but it 
does require a great deal of processing power and if incorrect training variables are used the 
results can be very inaccurate. The MLP does not produce probabilities directly and requires at 
least four training variables to be specified, but is relatively fast compared with the PNN and 
the training variables do not have to be specified as precisely as for the PNN.  

Care has to be taken when using indicators of the accuracy of thematic uncertainty measures 
such as the CIU RMSE. These indicators may not fully represent the ability of a network to 
predict thematic uncertainty. Within this study it was seen that CIU RMSE can give an 
incorrect impression of how thematic uncertainty was represented by output activations. The 
confusion matrix should be studied to determine whether all classes were accurately classified, 
particularly in the case where some of the classes had a very small prior probability and so 
were not accurately represented in the accuracy assessment stage. 
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