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Abstract 
This paper offers a novel strategy for evaluating points generated by an automated image registration system. Commonly, 
candidate correspondences are evaluated based upon their mapping precision, which provides a measure for how well 
points fit a surface model; however, overall mapping precision yields no information about the 'goodness' of an individual 
correspondence for representing the same object space entity. Evaluation of the corresponding points is phased here in 
terms of supervised pattern recognition. In this manner, the candidate image-to-image correspondences are evaluated 
directly with respect to their suitability to belong to the set of 'good matches'. It is shown that this evaluation method is 
sufficiently flexible to be incorporated into existing automated image registration systems. 

1 Introduction 
Automated image registration is the process of developing 
a set of corresponding points between two images. Once 
the set of points is created, the image-to-image transfor
mation parameters can be determined to mosaic the images 
into a common coordinate frame. With automated image 
registration, a unique pattern is unknown prior to process
ing £11. Most often, one image is assigned as the map, 
which is defined here as the target image, and the other 
source image, which has an undetermined relative posi
tion, is registered the target image. In conventional photo
grammetric terms the images would be the left and right 
photographs of a stereo model (Figure I) and the process is 
called relative orientation. 

Figure 1: Image Registration Problem: from l2l 

Image registration is required for multisensor fusion, 
change detection, three-dimensional reconstruction and 

object recognition. The technology for automated image 
registration is applied to a variety of disciplines such as 
topographic mapping, environmental monitoring, medical 
diagnosis, motion detection, and robot tracking l3l. Manual 
photographic image-to-image registration techniques have 
existed since before the Second World War and are still in 
use. Manual photographic techniques are precise and ro
bust. Point-to-point registration is performed by an op
erator using specialised equipment. However, this process 
is labour intensive and time consuming even for a small 
number of image-to-image correspondences, between 10 
and 20. With the enormous amount of image data cur
rently being generated, techniques must be developed to 
analyse data in an automated, or semiautomated, fashion to 
minimise processing costs and to prioritise datasets. 

The remainder of this paper is organised in the following 
manner. Section two provides an overview of the current 
processing philosophy for automated image registration 
and identifies those functions that are used within this re
search. Section three identifies the limitations of the cur
rent processing model and offers a solution to minimise 
these problems. Section four reviews the characteristics of 
neural networks and fuzzy logic to support automated im
age registration. Section five outlines how the hybrid 
fuzzy neural networks are applied to minimise mapping 
errors in an autonomous fashion. Section six and seven 
contain the results, discussion, and conclusions. 

2 Current Processing Philosophy 
Currently, there exist six major processing steps for solv
ing the automated image registration problem. These are: 
1) segmenting of the imagery; 2) identifying image fea
tures and extracting characteristic attributes; 3) searching 
the images for candidate correspondences; 4) locally 
evaluating the candidate features; 5) globally evaluating 
the image transformation parameters; and 6) refining the 
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search space. Each step is defined below and the specific 
function used at each stage is identified 141. 

Segmentation is the process of dividing an entire image 
into individual entities or sub-images 151. Segmentation 
reduces the search domain for image features of interest; 
however, it is not by itself a method for identifying them. 
The features of interest are identified within the individual 
image segments. The segmentation process determines the 
maximum number of points available for matching. Seg
mentation is performed to extract regions or the boundaries 
between them. 

For this research, the images were segmented using area 
segmentation. Area segmentation is extremely fast. The 
images were divided into rectangular local windows. The 
size of the windows determines the number of available 
points generating correspondences. 

Feature extraction is performed to identify and character
ise features of interest from the image segments 161. The 
goal is to produce noise tolerant, low dimensional, and 
robust attribute vectors that uniquely characterise physical 
entities. Attributes are extracted either directly from the 
raw pixels or transformed image data such as edge infor
mation. The extracted attributes are the inputs for the local 
evaluation stage between the corresponding source and 
target image features. Regardless of the attributes selected, 
the data structures of the inputs and outputs remain the 
same. 

A 

Figure 2: Search (A) and Roving (B) Windows within 
Image 

An interest operator was used here for feature extraction. 
Within each segmented window, a smaller roving window 
was created. The roving window defines a neighbourhood. 
The roving window scan each segmented window for fea
ture attributes (Figure 2). The position where the highest 
value of the interest operator occurs is defined as the inter
est point. The pixels in the neighbourhood of the interest 
point are used as the attributes for local evaluation. The 
Moravec 171 interest operator was used. A threshold was 
incorporated in this system to avoid areas of low contrast 
and low spatial frequencies. 

Searc/1 strategy is the method for developing correspon
dences between the source and target images 141. The two 
most common search strategies are local, which was used 
here, and global searching. For the local search, the source 
image is segmented then search window is defined on the 
target image using an estimate of the transformation pa
rameters. The other method of searching is to extract fea-
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tures of interest from both the source and target images 
independently. In this case, all possible combinations of 
candidate correspondences exist to some degree. For the 
latter, fewer features of interest are extracted with more 
attributes computed per feature of interest. 

Once the search strategy has identified corresponding fea
ture vectors, local evaluation determines their suitability 
for the point to join the set of 'good matches' [81. Local 
evaluation is performed to determine the similarity be
tween the source and target image features of interest. For 
most automated image registration systems, local evalua
tion is performed with deterministic model-based func
tions. As each candidate pair is only one example, there is 
insufficient information to compute a large number of co
efficients to define an individually unique acceptance re
gion in the feature space. For this work, local evaluation 
was performed by the statistical cross correlation coeffi
cient. 

Global evaluation assesses the set of 'good matches' [9J. 

For most global evaluation techniques, the image-to-image 
transformation parameters are evaluated for spatial integ
rity rather than the individual correspondence's member
ship to the set of 'good matches'. For mapping precision, 
those correspondences that fall outside some spatial 
threshold based upon these model parameters are elimi
nated. This global constraint yields no information about 
quality of the points. This research assessed the suitability 
for fuzzy neural networks to globally evaluate the set of 
'good matches'. At this stage, the novel approach to 
evaluate the set of'good matches' is applied. 

Because image features of interest are selected in an 
autonomous fashion, the confidence in solution is devel
oped through model refinement. The refinement strategy 
is the method of improving the estimates of the image-to
image transformation parameters [IOJ. Most refinement 
strategies can be divided into two basic methods and are 
directly related to the functions chosen for the search strat
egy. The first method is to assume that the corresponding 
point position is fixed and those points that fall outside a 
given tolerance threshold are eliminated. The other strat
egy is to assume that correspondences are fixed and the 
positional parameters among the correspondences may be 
adjusted. 

Figure 3: Coarse-to-Fine Refinement (Pyramid Structure) 

A coarse-to-fine, or pyramid, refinement structure has been 
used extensively in area and feature matching and applied 
here 131. With the pyramid structure, the spatial resolution 
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is reduced at each level of the pyramid. At the highest 
level, the coarsest resolution (Figure 3), the initial match
ing is performed. For this case, the coarsest resolution 
constrains the matching problem in two ways. First, the 
largest or most general brightness changes are described in 
this image; so, the image noise is minimised, which in turn 
limits the resolved disparity. Second, the matching area is 
a fraction the size of the initial images. At this level, the 
fewest number of pixels require matches. To provide an 
initial estimate of the transformation parameters, the 
matching is the least constrained and boils down to a clas
sification problem. At the lower pyramid levels, the trans
formation parameters constrain the search area. The trans
formation parameters are refmed with increased resolution 
at each level, which improves the location of the object 
space elements. Redundancy insures robust solutions. 
Again, the transformation parameters only estimate some 
model of the object space surface and not how well the 
corresponding points relate to each other. 

Figure 4: Intermediate aerial images (pyramid) 

The system has a number of parameters, which are tune
able to generate the densest point matrix with the fewest 
errors. These are: 1) the size of the search window. The 
search window is applied to both the source and to target 
image to determine the maximum number of points avail
able; 2) the size of the roving window. The roving win
dow also determines the number of attributes for the cross 
correlation coefficient [91; and 3) the local and global 
evaluation thresholds. 

3 Limitations and Solutions for 
Automated Image Registration 
and Gross Errors 

3.1 Limitations 
According to 111 1, a successful automated image registra
tion system should have the following characteristics; 
faster than manual relative orientation, generate a denser 
matrix of correspondence points, provide equal or higher 
mapping precision, and be invariant to application. The 
registration problem is constrained by several attributes. 

These are 1) that for each source image point, a single cor
respondence exists on the target image; 2) that objects may 
only occupy a single position at any point in time 1121; and 
3) for many systems, the object space is continuous and 
smooth 111. 1 

Area segmentation is likely to generate ambiguous image 
regions, which have low spatial frequency. For example, 
the cross correlation coefficient from sections of two blank 
pieces of paper is high; however, the confidence of the 
positional accuracy is quite low 1151. Choosing the subi
mage size has some interesting implications. The goal is 
to choose a window large enough to have a stabilising ef
fect but small enough to accurately render the object 1161. 
For this system, the search area parameters were selected 
and reviewed for precision in an iterative manner. 

Figure 5 Ambiguous Points: 1) Edge ambiguity along the 
edges of the walls (white arrow); and 2) Area ambiguity 

within the ceiling and right walls (black arrow). 

Gross errors are defined as ambiguous points and false 
matches. Traditionally these areas are avoided by setting a 
large threshold during the feature extraction stage. Large 
thresholds do not take into account all types of spatial am
biguity. Specifically, points acquired along a linear edge 
generally have high values for most high frequency attrib
utes; however, the position of a point along the edge is 
ambiguous (Figure 5). Empirically, ambiguous edge 
points can be determined by finding places with high at
tribute values and a nearly perfect similarity. Ambiguous 
homogeneous areas have low attribute values with nearly 
perfect similarities. 

1 Some registration algorithms allow for a discontinuous object 
space but required multiple local transformations 1131 or require 
elaborate photogrammetric techniques 1141. 
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Figure 6: False Matches with Figure 5 can be seen at the 
square on the extreme right wall. In Figure 5, the false 

match points found are on the left side of the square, here 
they are on the right (black arrow). 

False matches (Figure 6) occur when the individual image 
feature measures exceed a given threshold to merit being a 
feature of interest. Also with false matches, the similarity 
between the two corresponding features falls within a 
given tolerance. Unlike ambiguous matches, false matches 
have similarities that are considerably less than optimum. 

3.2 New Processing Philosophy 
To overcome these limitations, a new global evaluation 
technique should to be applied to the set of candidate 
matches. This new evaluation technique identifies gross 
errors; thus reducing the local evaluation threshold to 
search for the existence of features of interest rather than 
their magnitude [171. 

With the majority of the automated image registration 
systems, the candidate correspondences are generated us
ing a relatively simple deterministic model that is spatially 
constrained. There are obvious advantages to the current 
processing techniques. They are computationally efficient, 
as only a single measure of similarity is computed. Con
ceptually, this processing paradigm is faulty. The analyst 
requires measures that the candidate correspondences do in 
fact represent the same feature. The current global evalua
tion techniques only provide the analyst information that 
the points chosen in space produce transformation pa
rameters in a similar manner as other candidate correspon
dences within some tolerance threshold. 

I suggest that an additional global evaluation stage be in
corporated into the current processing chain. The new 
global evaluation stage assesses points based upon their 
suitability to belong to the set of 'good matches'. The ad
vantages are that this evaluation stage could be added into 
most automated registration systems independent of the 
processing philosophy. The additional evaluation stage 
adds a data integrity check, an external evaluation for the 
data suitability and direct measures the suitability of the 
data as a match. 
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4 A Suitable Correspondence 
Evaluation Function 

The automated image registration problem requires that the 
discriminant functions be developed quickly. Due to its 
automated nature, the selected pattern recognition algo
rithm must be unlikely to fall into a local minimum. For 
each candidate pair, the system has already extracted at
tributes from the source and target image areas and the 
similarity measure between them. 

Automated image registration extracts data without a 
known confidence that the candidate image feature belongs 
to the set of 'good matches'. The set of 'good matches' 
has an unknown distribution that varies with the selection 
of attributes and image quality. The set has a variable 
number of examples. As such stochastic rather than de
terministic algorithms are reviewed. 

4.1 Neural Networks 
As a universal approximator, neural networks are capable 
of learning any function to a given accuracy over a limited 
decision space P81. Supervised training tunes the net
work's weights. After initialisation to small random val
ues, these connection weights generate unique mappings 
between inputs and desired outputs [191. Neural networks 
are not constrained by different magnitude ranges for at
tribute data. 

As the name implies, neural networks are composed of a 
large number of simple computational units. Each com
putational unit responds to stimuli. The response is char
acterised by 3 factors: 1) its method of operating on multi
ple stimuli; 2) minimum threshold; and 3) activation func
tion for responding to the stimuli. As a network, these 
simple processing units essentially perform a steepest de~ 
scent minimisation [201. 

With the feed-forward architecture used here, input attrib
utes are passed through the hidden layer(si to the output 
classes. The generalised delta rule [21) is applied where 
difference between the calculated response and the target 
response is computed. Then, the network weights are ad
justed by propagating backwards from the output to the 
input layer minimising the error at each stage. Hence, this 
algorithm is called feed-forward backpropagation. The 
number of input and output nodes is determined by the 
application. The analyst chooses the number of hidden 
nodes prior to processing (Figure 7). 3 

2 Figure 7 and Figure 14 only show a single hidden layer; how
ever, architectures with two or more hidden layers have been 
successfully implemented. Also, these networks have a single 
output, but networks with multiple outputs are common. 
3 The number of hidden nodes roughly equates to the order of the 
polynomial function if a least-squares analysis was applied. 

Australian Journal of Intelligent Information Processing Systems Spring I998 



204 

Hidden 
Bias 

Input 
Layer 

'./ 
Hidden 

Layer(s) 

Output 
Bias 

Output 
Layer 

Figure 7: Neural Networks 

The real power of this process comes from the non-linear 
response of the individual computational units, nodes 
(Figure 8). Typically, the Euclidean dot product between 
the input signal and the node weight is used to amalgamate 
the multiple inputs [221, i.e. a weighted average of all the 
incident impulses and the current energy of the node. The 
bias is required in the numerical sense to determine the 
offset to the hyperplane defined by the target discriminant 
function. 

Bias 

Y y = .r(~ W;X; +bias) 
i-0 

Figure 8: Integration function at an individual node. 
From 1191 

Once the value of the node's response to the integrated 
signal is determined, its activation is calculated. The acti
vation determines 1) if the node should fire provided some 
minimum threshold has been reached; 2) the magnitude of 
the firing; and 3) the sign, or direction, of firing. The most 
common activation function is the sigmoidal function 
shown in Figure 9. The sigmoid is a very smooth continu
ous timction that is always increasing. Mathematically. 
these qualities make it quite usefull231. 

F() 1 
x =l+e"" 

-1 

Figure 9: Sigmoid activation function. From 1191 

Each labelled training example estimates the output func
tion with some degree of precision. The effect that each 
individual training example has on the network weights is 
tempered by sample confidence. The learning rate con
strains the network's stability I plasticity dilemma 1231. 
Likewise, the momentum from previous updates is incor
porated into the current updating for the specific nodes 
(Figure 10). The most common error functions arc gradi
ents where the slope of the error surface is determined. 
The downhill direction and magnitude arc calculated. 
Therefore, the higher the momentum, the fimction be
comes less sensitive to the local minima in the error sur
face. The lower the learning rate. the less sensitive the 
function is to any individual training event. Values for 
learning rate and momentum are chosen empirically be
tween 0 and 1 . 

TJ == learning rate a = momentum 8 = error tcnn 

Figure 10: Updating network weight formula 

Unlike statistical algorithms. neural networks arc sensitive 
to overtitting. Several techniques have been applied to 
minimise the ovcrtitting problem by setting a threshold to 
the connection weights, dynamically adding or pruning the 
number of hidden nodes 124 1, and iteratively testing the 
system with independent data 125 1. Other experiments have 
been pcrfom1ed to minimise the computational burden by 
optimising the learning rate and momcntun1 1261 and using 
optimised training set 1271. 

4.2 Fuzzy Logic 
Fuzzy logic is not a connectionist approach nor does it 
operate in an inductive manner. Fuzzy logic is a method 
of processing imprecise data and/or make decisions in un
certain environments. Fuzzy logic is represented by fuzzy 
rules in the form of predicate logic. In predicate logic. 
individual labelled input vectors do not exist; rather, the 
relationship among fuzzy acceptance regions in the feature 
space are pointers to approximate outputs in the form of IF 
I THEN statements (Figure 11 ). Unlike formal predicate 
logic where the proposition or antecedent is either true or 
false , fuzzy logic may have any value in the continuous 
domain (false. true) including crisp nominal and numeric 
values 128 1. 
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Figure 11: Fuzzy Membership Functions 
Note: 5 input memberships functions; vl =very low, l = 

low, m =medium, h =high, and vh =very high. 

As with the other pattern recognition algorithms, fuzzy 
inferences are applied to the example's attribute vector for 
labelling l29l. For large systems, multiple rules with multi
ple antecedents are possible. These may be arranged by 
weighting the rules. To obtain a crisp output, the fuzzy 
output is defuzzified. There are several techniques for 
amalgamation and defuzzification of fuzzy values based 
upon the areas contained under their component member
ship functions (Figure 12 and Figure 13). 

m 

B= :Lw1 B~ 
} =I 

B = output from the whole rule base 
B 1 =output from rule j 

w 1 =degree of uncertainty of rule .i 

Figure 12: Fuzzy Rule Amalgamation or Defuzzification 

Fuzzy rules are unlike the other algorithms since the rela
tionships between input and output nodes are created by 
expert opinion l301. Expert opinion is subjective. The gen
eration ofthe rules is time consuming. The generated rules 
separate output classes by developing boundary surfaces. 
The locations of these boundary surfaces vary with the 
selected output labels. As such, fuzzy rules are not gener
ated for a given output label but the boundary between 
acceptance regions. So, fuzzy rules require a large amount 
direct operator intervention for each application. Together 
with the fact that the exact relationships between inputs 
and outputs is unknown for most pattern recognition exer
cises, limits the use of fuzzy rules and inferences. 

r···························· ............................................ : 
: i 
1 If A then B __..... B', .....:::• 1 

X,>A~ lfA lhenB __..... B',w~~ i 
. IfA tb B ~0~B (Defu:r.zilicatio ....... yJ 

I hfA.:.:B =::~w/ I 
~ ....................................................................... .i 

Figure 13: Fuzzy System Architecture [311 

4.3 Fuzzy Neural Networks 
Since the goal is to develop an automated measure of the 
'goodness' of an individual candidate correspondence, 
hybrid fuzzy neural networks were used. Fuzzy neural 
networks an1algamate fuzzy logic's ability to process ap-
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proximate reasoning, low computational burden and 
~daptabili~y with neural network's generalisation c~abili
tles, learrung from examples, and robustness to noise. Ide
ally, fuzzy neural networks minimise the possibility of 
~ailing into a local minimum due to fuzzy logic's capabil
Ity to search a large portion of the feature space and mini
mise the number of iterations required. 

Neural networks have the capability to model imprecise 
data and ill-defined processes; however, they can not by 
themselves model uncertainties and qualitative language 
[J21. Collectively, the advantages minimise fuzzy logic' s 
requirements for subjective expert knowledge and neural 
networks high computational burden during its search for 
an optimal solution. Hybrid fuzzy neural networks in
crease the non-linearity among inputs and outputs. In 
many cases, they train faster, generalise better, and provide 
a higher mapping precision than conventional neural net
works [291. Because of these strengths, fuzzy neural net
works were chosen as the additional global evaluation 
function. 

Real values 
input 
layer 

Condition 
{Fuzzification) 

layer 
Bias 

Rule Action Real values 
(Hidden) (Defuzzification) outpUt 

layer layer layer 
Bias 

Figure 14: Hybrid Fuzzy Neural Networks 

Fuzzy neural networks mainly differ in their operating 
parameters, these are summarised by [291 based upon the 
type of fuzzy rules implemented, type of inference method 
implemented, and the mode of operation. A diagram of 
the fuzzy neural network used here is given in Figure 14. 
This algorithm was developed at the University of Otago 
and is called FuNN. The input layer represents crisp input 
attributes at each node. The condition layer is a fuzzy 
predicate, which is this case has been fuzzified using the 
standard triangular membership functions. The activation 
to each of these nodes represents a membership degree .. 
The rule layer consists of either encoded expert opinion or 
an anticipated rule acquired during training. The strength 
of the FuNN is the ability to encode and extract rules that 
the network has learned. The strength of the rule is a 
function of the total domain knowledge and can be evalu
ated after training in context to its significance. The action 
layer represents the fuzzy memberships for the output la
bels. The fuzzy labels at the action layer are defuzzified at 
the output layer. 
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5 Application of Fuzzy Neural 
Networks to Automated Image 
Registration 

For this application an additional supervised approach is 
developed autonomously. The training data is generated 
from the set of candidate correspondences after the local 
evaluation stage. The output labels are 'good matches' and 
'gross errors' (defined below). After the global evaluation 
stage, the points are suitable for estimating the image-to
image transformation parameters. 

The fuzzy neural networks were trained by synthetic data. 
The training data consisted of two parts. To generate the 
acceptance region, the source image points were mapped 
onto itself with an added noise parameter. The rejection 
region was generated by mapping the source image points 
onto other source image points. These techniques insured 
that the characteristics of similar and different points were 
learned based upon actual image data. Additionally, the 
entire range of images was evaluated independently and 
autonomously. The evaluation data was the candidate cor
respondences between the source and target images. The 

Name Number of Candidates 
Candidates RMS (pixels) 

Aerial 1083 0.519 
Hallway 179 8.938 

Hallway - Gaussian 156 15.821 
NoiseRMS= I 

Hallway - Gaussian 297 0.692 
Noise RMS = 10 

Hallway- Gaussian 259 0.714 
Noise RMS = 100 

generated discriminant function provided individual mem
bership degrees for each candidate. The two attributes 
were the difference between the source and target image 
area's Moravec values and the cross correlation coefficient 
between them. 

All of the images were single-band, 8-bit, grey-level data. 
Five different datasets were derived from two image pairs; 
aerial and hallway. The aerial images were a scanned aer
ial photogrammetric stereopair with 60% overlap. The 
object space was smooth and continuous (Figure 4). The 
hallway scene was donated by the University of Bonn and 
contained repetitive image features and some minor dis
continuities (Figure 5 and Figure 6). The hallway scene 
was degraded with Gaussian noise using 1, 10, and 100 
digital number for the noise variance. 

6 Results and Discussion 
Table I shows the change in the source-to-target mapping 
precision before and after the hybrid fuzzy neural network 
evaluation. The RMS error is presented for relative com
parison before and after the 'goodness' evaluation for 
comparison. 

Total Points FinalRMS Comments 
(pixels) 

1033 0.518 . 
140 5.536 Few candidates 
124 1.074 Minor Noise Addi-

tion 
249 0.735 Noise Exceeds 

Threshold 
226 0.738 Low Spatial Fre-

quency Ambiguities 

Table I: Relative Precision Before and After Gross Error Detection 

The evaluation stage passed a dense matrix of points 
throughout the overlap area, ensuring that the generated 
transformation parameters would represent the entire 
overlap area. In each dataset, the system identified and 
removed most gross errors. The remaining gross errors 
were mainly due to occluded features or discontinuous 
locations in the object space. Differences in complexity 
reduced point density. In the noise induced hallway im
ages, the noise exceeded the fixed threshold. Correspon
dences were generated in ambiguous areas. Future sys
tems must develop a dynamic threshold to noise. 

The system parameters varied both among applications and 
at different pyramid levels. Slight changes in these pa
rameters provided substantial changes in the density of the 
correspondence matrix. The size of the roving and search 
windows varied from 3 and 5 pixels to 12 and 16 pixels 
respectively. A wide range of values was reviewed for 
each dataset. 

The new global evaluation function allows the analyst to 
set lower thresholds for the feature extraction and target 
identification stage. As expected, the lower threshold in
creased the number of candidate correspondences. The 
additional candidate correspondences increased the train-

ing set size for the fuzzy neural networks that globally 
evaluated the set of 'good matches'. However, the larger 
training set improved the network's ability to discriminate 
gross errors from good matches. 

7 Conclusions 
This system has shown how the interaction between design 
requirements and system attributes will produce a fast effi
cient automated image analysis system. The limitations of 
the system were tested based upon the design assumptions. 
Future work will focus on the generation of fuzzy infer
ences to speed the matching process. Also, the current 
matching process was in the source-to-target direction 
only. In the future, a reverse direction check will be ap
plied to improve the correspondence point density. 
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