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Abstract 

An innovative approach is proposed in this paper for recognition and interpretation of multichannel images, con-
taining various types of information, such as 2-D gray scale, calor and 3-D range data . The method includes 
multiresolution analysis using wavelet filter banks to obtain hierarchical representations of the images, and applies 
two types of feedforward neural network classifiers, multilayer perceptrons and probabilistic neural networks, to 
classify the images at each resolution level. A novel constructive technique for the efficient training of the networks 
at various resolutions is described, while simulation results using real image data are presented, illustrating the 
performance of the method. 

Keywords: multiresolution analysis, rnultilayer perceptron, probabilistic network, multichannel im-
age recognition. 

1 Introduction 

Existing industrial inspection and recognition systems 
generally store a number of different models and geo-
metrical features and use a pat.tern matching scheme, 
based on these features, for classification and recog-
nition of acquired 2-D gray-scale images of objects or 
scenes [19, 4). A problem that is presented, if classifica-
tion of 3-D range or color information is included in the 
capabilities of such systems, is that. the amount of infor-
mation that has to be processed by the system can be 
extremely high. An innovative mult.iresolut.ion image 
decomposition and classification/recognition scheme is 
proposed in this paper for handling the resulting infor-
mation based on neural network architectures. 

Artificial neural networks have been shown capable 
of extracting appropriate scalar or 2-D features from 
data, handling, therefore, different and multiple types 
of information for classification purposes, while provid-
ing efficient solutions due to their massive and distri-

buted parallelism [7). In particular, feedforward multi-
layer perceptrons , usually trained by some backpropa-
gation variant, as well as probabilistic neural networks 
have been proposed as powerful tools for image recog-
nition [17) and texture segmentation problems [1, 9, 3]. 
Multilayer perceptrons are capable of approximating 
arbitrary nonlinear mappings. However, there are a 
number of practical concerns when using these net-
works: a first has to do with the choice of the appro-
priate network size which is unknown in most applica-
tions; a second is the required training time which can 
be very long; another has to do with network general-
ization i.e. with the performance of the network when 
presented with data outside its training set, which can 
be very poor. 

Various techniques have recently been proposed for 
overcoming those problems, including pruning or con-
structive techniques during training and derivation as 
efficient backpropaga.tion variants. These aspects, how-
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ever, still constitute open research problems in the de-
sign of appropriate multilayer feedforward networks. 
On the other hand proba.bilistic neural networks can 
approach optimal minimum risk decision surfaces (18] 
and seem to overcome the aforementioned disadvan-
tages but suffer from huge memory requirements. Re-
cent studies concerning the problem of image classifica-
tion indicate that structured neural network classifiers 
are especially useful when applied directly to image pix-
el values , and not to a set of features extracted from 
the images [12, 3]. Multilayer probabilistic perceptrons 
have been recently examined in the neural network 
field, as a tool for image classification [1, 5]. In this 
paper neural networks are used to correlate the multi-
channel information from range, intensity and possibly 
calor images, while multiresolution analysis is used to 
reduce the dimensionality of the acquired representa-
tions. 

The overall structure of this paper is as follows . Sec-
tion 2 presents a brief description of the multiresolution 
analysis that is used in the paper. Section 3 presents a 
brief description of probabilistic neural networks, while 
section 4 presents the proposed architectures for mul-
tiresolution analysis of multichannel images. Simula-
tion studies are presented in section 5 , and conclusions 
are given in section 6 of the paper. 

2 2-D Multiresolution Analysis 
Multiresolution image representations have been 
known for a long time in applications such as corre-
lation matching, edge detection, segmentation and im-
age analysis [4, 20]. These representations are general-
ly used to reduce the problem dimensionality and the 
associated computational load and to perform feature 
extraction at different resolution levels. Resolution re-
duction is most commonly performed by subsampling 
or local averaging of the image pixel values. 

Multiresolution image analysis and processing based 
on the use of the waveletjsubband decomposition has 
recently attracted major interest, mainly for coding 
and scalability applications [14, 2]. In general, the 
transition from one level of resolution to a lower one 
is implemented by subsampling each dimension of the 
higher resolution data, usually by a factor of two, and 
by using a finite impulse response (FIR) filter with fixed 
taps; typical 8 or 32 tap filters are given in [2] . As a 
consequence, 4 (N/2 x N/2) low resolution images are 
produced from each calor component of a 2-D (N x 
N) calor high resolution image. One of these four im-
ages corresponds to the low frequency content of the 
high resolution 2-D information. By keeping only this 
component, the procedure can be repeated, until a res-
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Figure 1: Multiresolution Image Analysis 

olution level, usually defined by experimental study, is 
reached, below which significant features cannot be ex-
tracted and are disregarded. This process is depicted in 
Fig. 1. Let X 0 denote anN x N 2-D image. Then using 
finite impulse response (FIR) filters hL(n) and hH(n), 
where hL(n) is a low-pass and hH(n) is a high-pass 
filter, we can split the original image into four lower 
resolution If x If images. Applying, for example, the 
low-pass filter hL(n) in the horizontal and then in the 
vertical direction of the original image (we consider the 
separable case for simplicity), we get the approximation 
image at the lower resolution level j = -1, denoted as 

N N 
x:.~(m, n) = L L hL(2m- k)hL(2n -l)x0 (k, I) (1) 

k=ll=l 

By applying all other possible combinations of the 
above FIR filters hL(n) and hH(n), we get three low-
er resolution detail images, denoted as x:![, x~f ,x~f. 
Moreover, if the above procedure is successively applied 
to the approximation images we have a multiresolution 
approximation of the original image, providing images 
of continuously decreasing size. 

Each decimation procedure from a data representa-
tion of higher to a corresponding one of lower resolu-
tion introduces a loss of information. It is desired that 
this loss be as small as possible. An adaptive scheme 
which forms the hierarchical representation by select-
ing at each level the image with the greater information 
content instead of the one with the low frequency con-
tent based on the minimization of the error between 
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the original and some low resolution level is presented 
in [21]. The filters designed with this method provide 
highly decorrelated images appropriate for image clas-
sification at lower resolution. 

3 Probabilistic Networks 

Many neural network classifiers provide outputs which 
estimate Bayesian a posteriori probabilities. When the 
estimation is accurate, network output values sum to 
one and can be treated as probabilities. Bayesian prob-
abilities can be estimated by multilayer perceptrons 
where the desired network outputs correspond to, say, 
M classes, one output is equal to unity, and all oth-
er are equal to zero, while a mean squared error or 
a cross entropy cost function is minimized by the 
network[ll]. Error feedback supervised algorithms us-
ing the Kullback Leibler (KL) criterion, with gener-
alized sigmoidal [13, 11], have been shown capable of 
producing Bayesian a posteriori probabilities or condi-
tional likelihood estimates for classification purposes. 
The estimation accuracy generally depends on the net-
work complexity, the amount of training data, and the 
degree to which training data reflect true likelihood dis-
tributions and a priori class probabilities. 

Unlike perceptron type networks, which classify in-
put vectors by learning multidimensional decision sur-
faces, probabilistic neural networks (PNNs) [18] classi-
fy input vectors by forming non parametric probability 
density functions (p.d.f). The network structures are 
similar to that of multilayer perceptrons; the prima-
ry difference is that the sigmoid activation function is 
replaced by the exponential one. Key advantages of 
PNNs are that training requires only a single pass and 
that decision surfaces approach the Bayes-optimal de-
cision boundaries as the number of training samples 
grows. 

PNNs utilizes the fact, that in the limit, any smooth 
and continuous p.d.f, say fA of a class of multidimen-
sional data X can be estimated by a sum of multivariate 
Gaussian distributions centered at each training sample 
[16]; fA(X) will be equal to : 

where 
i =pattern number, 
m= total number of training patterns, 
Xai = ith training pattern from category A 
p = dimensionality of input vector X 

Input Units 

Pattern Units 

Summation Units 

Output Unit 

Figure 2: Probabilistic Neural Network for classifica-
tion of patterns into two categories 

u ="smoothing parameter" . 

Fig. 2 shows a neural network architecture which can 
be used for estimation of the p.d.f of classes of input 
patterns X and subsequent classification of them into 
categories. A two category classification into classes A 
and B is shown in Fig. 2; extension to a larger num-
ber of classes is straightforward. The input units are 
merely distribution units that supply the p elements of 
each input data vector to all pattern units, the number 
of which is equal to the number m of training data. 
The ith pattern unit forms a dot product of the input 
data vector and a corresponding weight vector W; and 
passes it through the exponential activation function,as 
follows: 

(3) 
Assuming that both X and W; are normalized to unit 
length, the output of the ith pattern unit is equivalent 
to a probability measure: 

p;(X) = exp[-(X- W;)t(x- W;)/2u2] (4) 

The network summation units compute through 
E q. ( 4) each class p.d.f as represented by Eq. (2). The 
output units simply select the class with the ma.-x:imum 
p.d.f. 

The network is trained by setting theW; weight vec-
tor of the ith pattern unit equal to the corresponding 
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output layer 

1st hidden layer 

LLj Network 

Figure 3: The neural network at level j, for classifying 
the approximation images of that level. 

X patt.ern in the training set, and then connecting the 
pattern unit's output to the appropriate summation u-
nit. The smoothing parameter O" controls the activation 
function; large (small) values of O" reduce (increase) the 
sensitivity of the exponential function. 

Both multilayer perceptrons and probabilistic net-
works are considered in the multiresolution network 
framework introduced in the next section for efficient 
classification of multicha.nnel images. 

4 Neural Networks for M ul-
tiresolution Classification 

In the following we develop two different neural network 
architectures which take advantage of the multiresolu-
tion analysis described in section 2. Let us assume that 
a feedforward neural network is used to classify the o-
riginal X 0 N xN image. Then, network training can be 
performed at multiple resolution levels, starting from 
some low resolution level which sufficiently describes 
the problem. More specifically, the proposed proce-
dure starts by training a network at, say, resolution 
level j with j ~ -1, (network LLj) to classify approx-
imation images xjL at that resolution level (see Fig. 
3). After training, the network performance is tested, 
using a test set of approximation images at the same 
resolution level j. If the performance is not acceptable, 
training is repeated at the next higher resolution level, 
i.e. at level j + 1. 

At this point we deviate the development of the mul-
ti resolution neural networks architectures for multilay-
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er perceptrons and for single layer probabilistic neural 
networks. 

4.1 Hierarchical Multilayer networks 
Let us assume that after network training at a particu-
lar resolution level, its generalization is examined and 
found not satisfactory, using, for example, a validation 
data set. In this case, the method includes a projection 
of all weights, or at least of the weights of connections 
between the input and first hidden layer (which usual-
ly constitute the majority of network weights) towards 
the next resolution level, so that the already derived 
network knowledge, i.e. weight values, be included in 
the network architecture of the following level (a similar 
approach is described in [6]). This approach constructs 
an hierarchical network, reducing the required train-
ing times as well as the number of free parameters, i.e. 
weights, that are to be determined at each resolution 
level. 

Since the information of an (approximation) image at 
level j + 1 is equivalent to the information included at 
both the approximation and detail images at level j, we 
can also train three more networks ( LHj ,H Lj,H Hj), 
separately (or in parallel) from the LLj one, (as was 
presented in Fig. 3), to classify the detail images at 
level j. If it is required to repeat the training pro-
cedure at level j + 1 it will be desired that the net-
work at level j + 1 (network LLi+d a-priori includes as 
much as possible from the "knowledge" of the problem 
acquired by the former networks at level j (network-
s LLj ,LHj ,H Lj ,H Hj). The training procedure that 
we propose uses first a rather simple fully connected 
feedforward neural network, to classify a quite low res-
olution representation of the original image and then 
recursively constructs the network architecture so as to 
handle the image at higher resolution levels. This can 
be accomplished using a network, at level LLi+1 , the 
first hidden layer of which consists of the union of the 
sets of hidden units of the lower resolution network-
s (see Fig. 4). Moreover, we impose the constraint 
that the inputs to the units of the first hidden lay-
er of network LLj+l be identical to the inputs of the 
corresponding units of the networks at level j. This 
constraint is used next to express that part of network 
LLj+l corresponding to network LLj. Let the input to 
the i-th unit of the first hidden layer of network LLj 
be 

N/2 N/2 
"'""'"' "'""'"' LL( • • ) LL( • • ) L.....t L.....t wi J1,J2 xi J1,J2 (5) 
h=lh=l 

Then for the LLi+l network, the input to the i-th of 
the set of units that correspond to the LLi network 
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output layer 

LLj+l Network 

Figure 4: Neural network at level j + 1. 

will be analogously 

N N 
I: I: w~.t',(k1,k2)x~.t',(k1,k2) (6) 
k,=l k2=1 

If the computed values in (5) and (6) are required to be 
equal to each other, then it can be easily shown using 
(1) that 

N/2 N/2 

W~.t',(kb k2) = I: I: hL(2it-kl)hL(2h-k2)wjL(it,h) 
j,=lh=l 

(7) 
A similar form can be derived relating weights in net-
works LH3 ,H L3 ,H Hj and the corresponding sets of u-
nits of the network LLi+l· 

The above forms permit computation of the general-
ly large number of weights between the network input 
and first hidden layer be efficiently performed at lower 
resolution; computation of the generally less complex 
upper hidden layers , which are required for extracting 
both the coarse and fine input information, will then be 
performed by training the corresponding part of higher 
level network LLi+l· 

When training the network at each resolution level 
we adopt the idea of cascade correlation regarding the 
network size ; we start with a small network size and 
gradually increase it by adding new units to it during 
its training. Regarding training time, efficient variants 
of the backpropa.gation algorithm [10] can be used to 
obtain generally fast and smooth convergence of the 
learning process. Finally, regarding network general-
ization, it is well known that it heavily depends on 
the use of a rather small, compared to the number of 

training samples, number of weights (as recent result-
s based on the Vapnik-Chervonenkins dimension indi-
cate [15]). In our approach, by reducing the size of 
2-D input images using the above-described multireso-
lution technique, we also reduce the size of the network 
that receives these representations. Moreover, network 
training is performed, starting from the lower resolu-
tion level and gradually moving towards the fine detail 
representations. 

4.2 Hierarchical probabilistic networks 

The introduction of multiresolution analysis in multi-
layer perceptrons results in reduced training time be-
cause of the association of the weights between the d-
ifferent resolution levels. Probabilistic neural networks 
have, on the other hand, serious advantages with re-
spect to training time, since they are single layer net-
works with a single pass training procedure. Their 
main drawback is the large memory requirements, sin-
ce during training all the training samples are stored 
in the weights of pattern units. If the training samples 
are 2-D gray scale, calor, or 3-D range data, then the 
memory requirements can grow enormously. 

Consequently, it is desirable to reduce the memory 
requirements with as much as possible less degradation 
of the network performance. Multiresolution analysis 
can be used to reduce the dimensionality of the input 
images, by choosing a subsampled and filtered replica 
of the original image (thus reducing the number of the 
weights of pattern units); moreover this replica could be 
"forced" to contain the maximum information quotient 
using appropriate filterbanks [21]. In this way it is 
possible to optimally select the "knowledge" from the 
low resolution networks with as least as possible loss of 
information in the low resolution representations. 

Let us assume that the image X at some resolution 
level j + 1 is splitted in two parts X = [XaXb], the first 
of which represents the approximation image xjL, and 
the second the remaining detail xj", xjfL ,xj" subsam-
pled replicas of the original image. Let training be per-
formed at resolution-level j using the approximation 
image, i.e., xjL. As was described above, if the net-
work performance is not acceptable, the detail images 
can be classified by a second network that is separately 
trained; the outputs of the two networks are combined 
to yield classification at level j + 1. 

Following the decomposition of the input vector X; 
a corresponding decomposition of the network weights 
W; = [W ai W bi] can be performed. The output of the 
ith pattern unit p;(X) can be consequently decomposed 
in the following form: 
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Figure 5: Hierarchical probabilistic network classifier. 

p;(X) exp[(W;Xt- 1)/£T2
] (8) 

exp[([Wai Wb;][Xa; Xb;p -1)/£T2
] 

k · exp[[(Wa;Xai- 1) + (Wb;Xbi- 1)]/£T2
] 

k · Pa;(X) · Pb;(X) 

where k is a scaling factor equal to exp(1/£T2). 

Thus in order to combine the probabilistic networks 
trained to classify the approximation and detail images 
at level j, we simply have to multiply the outputs of 
their respective pattern units and ·then feed them in the 
appropriate summation units, as depicted in Fig. 5. 

5 Simulation results 
Simulation results are presented, using real multichan-
nel image data, which illustrate the performance of the 
various techniques proposed in this paper. It is shown 
tha.t. the use of neural networks in the described mul-
tiresolution formulation can provide an effective and 
reliable procedure for multichannel image classification 
and recognition. 

A real life application was chosen to examine the 
performance of the proposed multiresolution classifica-
tion procedure, namely the inspection of solder joints 
in printed circuit board manufacturing. 2-D binary s-
ca.le images (23 x 23 pixels), showing the height and 
the intensity as functions of the position across sol-
der joints, were obtained by an optica.l laser scanner 
and used as a multichannel signal to be classified in 
two categories; namely, good or poor solder joints, the 
latter containing insufficient amount of solder. An ex-
ample of a good and of a defective solder joint (height 
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Figure 6: (a) : a good solder joint (intensity/height), 
(b): a defective one 

and amplitude representation) is shown in Figs. 6a , 6b 
respectively. A database of 50 good and 50 poor solder 
joint images was used in our experiments. 25 good and 
25 poor solder joints (both height and amplitude) were 
selected to form the learning set and the rest for the 
test set. 

First we used a two-hidden-layer fully connected 
feedforward neural network with an input layer of 
2 * [(23)2

] = 1058 units, and trained it using a learning 
set of the original 23 x 23 intensity and height pixel 
images. The large number of interconnection weights, 
in comparison with the small number of training pat-
terns, resulted in unsuccessful learning. The network, 
after long training time, was unable to classify correct-
ly the training set; a classification rate of only 72 % 
was obtained. 

Then, we used the FIR 8-tap QMF filters hL(n)= 
[0 .0094,-0.0707,0 .0694, .49 ,0 .49 ,0 .0694,-0.0707 ,0.0094]' 
and hH(n) = ( -1) 1-nhL(l- n) combined with a sub-
sampling by 2 to get images at each lower resolution 
level. The details of the already small in size original 
images are sufficiently preserved only at resolution lev-
el j = -1. The resulting images corresponding to Figs. 
6a,b are shown in Figs. 7a,b. For this reason we tried 
to perform the classification at this level. 

We used four networks of the form of Fig. 3, to clas-
sify independently the LL-1 ,LH_1 ,H L_ 1 and H H_ 1 
images at this resolution level. Each network had 121 
units at the input layer, since the dimension of the im-
ages at level j = -1 was 11 x 11 pixels. The LL_1 
network was the most successful one, classifying the 
corresponding test set with 88% accuracy. This differ-
ence can be explained by the fact that the approxima-
tion image contains more information than the detail 
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Figure 7: Corresponding representations at lower reso-
lution 

one at this level. Then, we formed the network of the 
next resolution level j = 0 (as shown in Fig. 4), by 
combining the two previous networks. The weights be-
tween the input and the first hidden layer obtained as 
in Eq. (7), remained fixed. The network was trained 
with the original training set and classified the original 
test set with accuracy 94%. 

In the following we performed a similar experiment 
using probabilistic neural networks. First we tested 
the performanc.e of PNNs using the original images. A 
classification rate of 79 % was achieved using as many 
as 1058 stored weights in the pattern units. The ex-
periment was repeated next separately on the approx-
imation images and the detail images achieving clas-
sification rates of 86.6 % and 66.7 % using 242 and 
726 stored weights results respectively. Using a two 
resolution level probabilistic network as described in 
the previous section, a 94 % classification rate was 
also achieved. Different smoothing parameters were 
used for the two probabilistic neural networks, being 
u1 = 0.0001 and u2 = 0.01 respectively. A smaller s-
moothing parameter was used in the first network than 
in the second one, based on the fact that the classifi-
cation rate obtained by the former network was larger 
than the rate obtained by the second one when oper-
ating independently. 

6 Conclusions 

M ultiresolution feedforward neural network architec-
tures were introduced in this paper as a means for 
efficient classification of multichannel images. Both 
multilayer backpropagation networks and probabilistic 
networks were considered. Multiresolution techniques 

were developed, which were shown to increase the per-
formance of both networks. In the case of multilayer 
perceptrons reduced training times were achieved and 
a method for transferring "knowledge" across different 
resolution levels was developed. In the case of proba-
bilistic neural networks a considerable reduction of the 
memory requirements was achieved, alleviating one of 
the most crucial problems of these networks. 

We are currently investigating the use of the pro-
posed networks for fast retrieval of stored images from 
large image databases organized according to multires-
olution image representations. 
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