
Multi-Resolution Neural Networks for 
Handwritten Digit Recognition 

57 

G. Heald, A. Harvey and A. Jennings 
School of Electrical and Computer Engineering 

RMIT University, Melbourne 

Abstract 

Combining a feature extraction technique, termed "Fuzzy 
Sub-Sampling", with multiple parallel neural networks 
high classification rates for offline handwritten digits 
can be realised using relatively small training sets. A 
classification rate of 97.3% has been reached with a 
multi-resolution feature technique employing three neural 
networks trained with back propagation. The multi-
resolution neural net offers a very high classification rate 
in relation to the size of the training set. 

As multi-resolution neural nets require a minimal number 
of weight interconnections the classification speed is 
approximately ten times faster than the premier individual 
neural networks. Moreover, classification may be 
improved using Kirsch mask line detection. With an 
additional neural net, the four parallel neural networks 
have achieved a classification rate of 98.0%, employing a 
comparatively small training set of 1000 exemplars in 
total. 

1. Introduction 
Recently, neural networks have· arrived at classification 
rates to rival the human reader for automatic recognition 
of handwritten digits [1,8,10]. Kussul [8] and LeCun [9] 
have shown that v&y large training sets combined with a 
very large neural network can produce high classification 
rates for handwritten digits. Parallel neural nets, however, 
may offer improvements in both the neural network size 
and the size of the training set. Although, multiple 
resolution technique has its origin in digital image 
processing Rosenfeld [3], this research appears to be the 
first applied to neural net structures. 

2. Feature Extraction 
Fuzzy sub-sampling (FSS) is an original technique of 
feature extraction [6] using methods of zoning, sub-
sampling and dilation in order to obtain a spatial 
reduction in the dimension of a character. Combining 
multiple neural networks and fuzzy sub-sampling feature 
extraction produces a pyramidal type of computer vision 
whereby the input dimension moves from low to high 
resolution. In conjunction with neural networks, this 
feature extraction method has produced overall 
recognition rates of 97.3% for test digits on writer 
independent tests using the CEDAR database with a test 
set size of 1000 characters. 

The "low resolution" zones are imposed over the character 
sample. In figure 1 a low resolution zone is imposed over 
a "6'' character producing an 11x8 FSS feature. 
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Figure 1. Zoning producing an 11x8 feature is applied 

over a "6" character 

The character is located by its centroid and size 
normalised to fall within a 44x32 character frame. 

When a 4x4 zone was applied to the character frame a 
sub-sampling factor of two was employed. The character 
data was reduced from 44x32 to llx8 features. If any 
character data occurs within the 4x4 zone from sub-
samples a one is given. If there is no sampled data within 
the 4x4 frame then a zero is given . An example feature is 
from the character "6" shown below which produces an 
llx8 character feature space. 

Output Data= '1' Output Data= '0' 

Figure 2. 4x4 masks dilation sub-sampling 

By this method a featilre space is generated which bas a 
pictorial likeness to the original image, albeit with a 
reduction in dimension. This method has the advantage of 
providing a visual check of the sampled training feature 
data. Characters generated loosely resemble an LED 
display or dot matrix character. Figure 4 shows the feature 
space generated by the feature. In this case a "6" can be 
discerned within the data. 

A 2:x2 zone is applied to the 44 x 32 character frame such 
that if there is any character data within the zone a one is 
given. Conversely, if all pixels are white space within the 
2x2 mask a zero is given. Effectively, a logical OR 
operation is applied to obtain data within the zone. By this 
technique the FSS method will effectively dilate the 
character data. This is demonstrated in figure 3. 
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Figure 3. Example 2x2 masks for fuzzy sub-sampling 

1 
1 1 
1 

1 1 
1 1 

1 1 1 1 
1 1 1 1 1 
1 1 1 1 
1 1 1 

1 1 1 1 

Figure 4. Feature showing 11x8 FSS matrix from '6" 
character sample 

The 22x16 feature space produced by the "high 
resolution" sampling of zones is shown in figure 5. 

0 0 () 0 () 0 () 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 () 0 0 1 1 0 0 0 0 0 
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0 0 () 1 1 1 0 0 0 0 0 0 0 0 0 0 
0 0 0 I 1 0 0 0 0 0 0 0 0 0 0 0 
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0 0 I 1 1 1 I 1 1 1 0 0 0 0 0 0 
0 0 I 1 1 1 0 0 1 1 1 0 0 0 0 0 
0 0 I I 1 0 0 0 0 I 1 0 0 0 0 0 
0 0 1 1 0 0 0 0 0 I 1 1 0 0 0 0 
0 0 l I 1 0 0 0 0 1 1 1 0 0 0 0 
0 0 0 I I 0 0 0 0 0 I 1 0 0 0 0 
0 0 0 l 1 1 0 0 0 0 1 1 1 0 0 0 
0 0 0 0 1 1 I 1 1 1 1 1 0 0 0 0 
0 0 0 0 0 I I I I 1 I 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Figure S. Feature showing 22x16 FSS matrix 

A 3x3 zoning region using 15x11 masks for feature 
extraction was also applied. Combining sub-sampling and 
overlapped feature zone.c; this method was termed the 
"medium resolution" feature space. In fact sub-sampling 
at a factor of 2 is applied within all 3x3 zones. In this 
sense, 3x3 zones are over -lapped with 4x4 zones which 
are sub-sampled. The 3x3 zones do not fit exactly into a 
44x32 trame, however, provided there is consistency 
between the training and recognition there is no problem 
with classification. This method provides a "medimn 
resolution" feature space. 
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The resolution of the input pattern is important to training 
and classification by neural nets as noted by Gori [5]. Gori 
states the following; 

"We found that the dimensions of the input grid play a 
significant role since the pre-processed input pattern 
turned out to be linearly separable when high resolution 
is used." 

High resolution input, of 22xl6 input dimensions, was 
found to provide better training and classification than a 
low dimension feature space of llx8 input dimensions. It 
should be noted, however, that feature extraction is 
essential as a training set with very high resolution 
images of 44x32 pixels cannot be fully trained on a neural 
network, and the resultailt classification would be poor. 
The optimal resolution of the feature space input would 
appear to be dependent upon the complexity intrinsic to 
the handwritten character pattern. 

3. Classification Results 
The individual neural networks were trained on character 
sets ranging between 720 and 1000 digits. The "high 
resolution" neural network arrived at the highest 
classification rate. Its architecture employed 352 inputs 
and 40 hidden nodes and 10 outputs. Full convergence to 
the entire trairung set was accomplished and training was 
stopped at a mean square error of 0.001. The "medium 
resolution" neural net had 165 inputs, 80 hidden nodes 
and 10 outputs. It obtained full convergence for 1000 
training characters. Full convergence was not reached 
with the "low resolution" neural network architectures 
comprising 88 inputs, 100 hidden nodes and 10 outputs. 
93.3 % was the maximmn classification result obtained 
far digits using a high resolution neural net. Characters 
were linearly normalised for size and de-slanted prior to 
training and testing. 

Table 1. Individual Neural Nets for Handwritten Digit 
Recognition for different feature space sizes 

Method of Feature Training Recognition 
Extraction Set Size Rate% 

Kirsch mask with 1000 95.1 
zoning 4xllx8 

FSS llx8 940 86.0 
FSS 15xll 1000 93.0 
FSS 22x16 720 93.3 

Multiple neural network classifiers have provided higher 
classification rates than the single layer networks. In table 
2 the results for the combined multiple classifiers are 
presented. It should be noted that no threshold level for 
rejection was employed. 
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Table 2. Recognition Rates for Digits using Multiple 
Neural Nets and FSS feature extraction 

Neural Net Training Recognition 
Rate Rate% 

352:40:10 100% 93.4 
352:40:10 
165:80:10 97.3 
88:100:10 100% 
352:40:10 
165:80:10 100% 96.1 

Scaling 1:4 

44 

Figure 6. Multi-resolution Feature Space showing 
pyramidal structure 

The multi-resolution feature space includes a combination 
of coarse or low resolution features with scaling 1:4, a 
medium resolution feature with scaling 1:3 and a high 
resolution feature with scaling 1:2. The low resolution 
features will identify the global shape of the character, 
while, the high resolution feature will recognise the finer 
aspects of the character shape. As the multi-scaling of 
n~ature spaces reduces position sensitivity of character 
data, at the same time as it classifies the global and fine 
structure, a multi-resolution neural network classifier can 
achieve excellent classification characteristics. 

Three techniques of combination of neural network 
outputs were considered: (1) Averaging (2) "Winner takes 
all" or Max.imurn (3) Voting. The averaging method 
involves summing up all the outputs of the neural 
networks and dividing by the nmnber of neural networks. 
The "Winner takes all'' method takes the classified 
character as the maximtnn output probability of any 
neural network output. A "Voting" method sums the vote 
of highest outputs of neural net outputs. 

The "averaging" method produced the highest 
cL:'\Ssitication result of 97.3% in this case, followed by 
"winner takes all" with 96.1% and lastly voting method 
with 1)3.4%. As the classifiers are not independent of one 
another BKS method was not tested [8]. The results are 
given in table 3. 
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Table 3. Comparison of Combination Methods of 
Multiple Resolution Neural Networks using FSS 

Type Misclnsslfy Reject Recognition 
% % % 

AveraJ!:in l! 2.7 0.0 97.3 
Winner takes 3.9 0.0 96.1 all-maximum 
Votin2 3.7 2.9 93.4 

Table 4 shows a comparison of international classifiers for 
handwritten digits using neural networks trained with 
back propagation. It is clear from the data that the size of 
the training set in combination with the feature extraction 
technique are important factors contributing to bigh 
classification results. The notable minimal training set 
occurs in our case. It should be noted that multiple neural 
networks 3x F.S.S +Kirsch mask employ the same 1000 
training characters and do not require different sets of 
training characters. 

Character da.ta.bases cited include NIST and CEDAR. 
Characters from the databases are individually segmented 
and these results do not pertain to automatic form reading. 

100 
90 
80 ~ • • 

~ 70 a: 
60 c 

• • 
0 
E 50 c 
"' 40 0 u • <11 30 a: 

20 
10 
0 

0 20 40 60 80 100 120 
Number of Exemplars per Character 

Figure 7. Recognition Rate versus Training set size 

4. Training Set Size 
For handwritten characters the recognition rate is found to 
increase with the number of training samples per 
character. As far as the size of the training set is 
concerned, if there are insufficient training samples then 
generalisation will be poor. Increasing the number of 
characters in the training set will improve the 
generalisation of the neural network. This situation is 
demonstrated in the figure 7. The neural network employs 
352 inputs, 80 hidden nodes and 26 outputs. 
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Table 4. Comparison of Related Classification using 

Neural Nets for Handwritten Digit Recognition 

Method Nwnber Training Recognition 
Feature Neural Set size Rate% 

Extraction Nets 
Kirsh mask 5 4000 ~7.3 

[Cho96] 
3x F.S.S 3 "'1000 97.3 
[Heald] each 
3xF.S.S 4 =1000 98.0 

+ Kirsch mask each 
[Heald] 

Kirsch mask 45 4000 96.3 
(Lee971 

Convolutional 1 60000 98.0-99.1 
[l.eCun981 
Perceptron 1 60000 98.9-99.3% 

[Kussul) 
Knerr 1 7200 90.3 

Pedrazzi 1 60000 97.03 

It should be noted that the number of training exemplars 
not only determines the recognition rate but also the size 
of the neural network. It wouid therefore be anticipated 
that large training sets combined with large neural nets 
would produce high classification rates. This has been 
demonstrated by LeCun [9] who attained recognition rates 
of up t.o 99% for handwritten digits with training sets of 
60000 digits and a large neural net with up to 400,000 
interconnections termed "Le Net-5". · 

5. Kirsch Mask Feature Space 
Kirsch masks were employed as contour line detectors of 
horizontal, vertical and diagonal lines. In conjunction 
with the Kirsch masks, 4x4 zones were created in the 
character and the feature detected. Using this method, 
.features are derived entirely from data as there is no noise 
in the output of the kirscb contours. Kirscb mask line 
detectors have been employed to recognize handwritten 
digits with some success by Lee [10] and Cho [2). 
However, the method of compression of data from 16x16 
frames to 4x4 features has not been discussed by Lee or 
Cho. The dimension reduction of a character has a 
significant role in feature extraction and, in this case, the 
method is unique. 

The Kirsch line features are produced from the CEDAR 
training set and are demonstrate4 in figure 8. 

Original image KiTsch mask line detedjon 

0 
.,. 

":~ 

« "\j :;· '··~, 

-=· -~ ''::, 

(a) (b) (c) (d) (e) 

Figure 8. (a) Original image "0" with (b) horizontal 
(c) vertical (d) left diagonal (e) right 

diagonal line extraction using 
Kirsch masks 
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The sampled data within 4x4 zones is then checked for 
data. If there is data within a 4x4 zone a '1' is given and 
if no data a '0' is given. The data forms 4 sets of 88 
elements forming a total of 352 inputs to the neural net. 
The method of combining Kirsch masks and zoning has 
produced the highest individual digit classifier. A 
classification rate of 95.0% for handwritten digits was 
obtained by training 100 exemplars of each digit. This 
method also helped to produce the highest classification of 
98.0% when combined within a multiple neural net 
classifier. 

An 8 pixel neighbourhood was employed. Kirsch masks 
define a non-linear edge enhancement algorithm as 
follows: 

G(i,j) = max { 1, max [15Sk- 3Tkl]} 
where Sk = At.+ Ak+t + ~+2 
T 1r. = At+3 + At-+<~+ Ak+s+ At-M>+ A1r.+7 

G(i,j) is the gradient of the pixel (i,j) the subscri~ts of A 
are evaluated modulo 8, and Ak (k=0,1,2, 7) is the 8 
neighbours of pixel (ij) defined as shown in the diagram 

A., At AI-

A1 A3 

~ As ~ 

Fignre 9. 8 pixel neighbourhood Kirsch masks 

Four llx8 zones are applied to the Kirsch line features. 
The zoning method is shown in figure 10. As there is no 
noise in the line detection feature and data is scarce, any 
data existing within a zone gives a one for feature data. 

.~. 

-.. 
Figure 10. llx8 zones are applied over a horizontal 

Kirsch feature for "0" 

It should be noted that the zoning of the Kirsch feature 
spaces are similar to the 11x8 low resolution FSS. In fact, 
any feature may be zoned between a high and low 
resolution space producing a multi-resolution neural 
network. 
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6. Kirsch Mask and FSS 
Multiple Neural Net 

The four layer parallei neural nets with three fuzzy sub-
sampling neural nets and Kirsch ma~k zoning are shown 
below in tigure 11. 

Figure 11. Multi resolution neural net with Kirsch mask 
forming 4 parallel neural nets 

The combination method is a class of averaging, whereby 
the outputs of all neural nets are summed and averaged. 
The output with the highest score is designated the 
classified character. The total number of weights of the 
multi-resolution structure is 52,760 connections. Each 
neural net is trained on approximately 1000 handwritten 
characters from the CEDAR database 'binanums". There 
are 1000 test characters also from the CEDAR database. 

A Multi-resolution neural net with Kirsch mask and 4 
parallel neural nets increases the recognition rate to 
98.0%. The classification results are shown in the 
Confusion Matrix Table 5. 

7. Hardware Implementation 
Multiple parallel neural networks can offer very fast 
hardware implementation. If synchronous processors are 
employed for· each neural net, the time for recognition is 
approximately equivalent to a single neural network. 
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The computation, Tc, is equivalent to the time for the 
maximum neural net plus the time for combination of the 
result. 

To':' max ( t,) + tc 

8. Computational Complexity 
As the size of the neural network is determined by the size 
of the training set, table 6 is presented to enable a 
comparison of recognition speed and computational 
complexity with recognition rates. An optimal classifier is 
sought such that the highest recognition is obtained for 
the fastest classification speed. 

The cost of implementation of a technology is dependent 
upon the computational complexity of d1e device. It can be 
observed in figure 12 that increases in neural net 
recognition rates require greater computational 
complexity. Although, the neural networks of Kussul (5) 
and LeCun (4) provide the highest classification rates they 
also feature the largest number of weights of all the neural 
networks.1 

Table 6. Comparison of Number ofinterconnections 
versus Classitication for neilral nets · 

Method Feature Number Classify Recognltion 
Extraction of Speed Rate% Weil?hts factor 

1.3x F.S.S 38,280 13.38 97.3 fHeald] 
2. 3xF.S.S 
+ Kirsch mask 52,760 9.70 98.0 

[Heal d) 
3. Convolutional 400,000 1.28 98.0-99.1 rt.eeuu98) 
4. Perceptron 512,000 1.00 98.9-99.3% rKussull 
S.Knerr 11,000 46.55 90.3 
6.Pedrazzi 27,750 18.45 97.0 
7.Paik 13,300 38.50 96.5 

The neural networks of Knerr (5) and Paik (7) are the 
least complex neural networks, however, the recognition 
rates are not high, at 90.3% and 96.5% respectively. The 
multi-resolution neural networks of FSS (1) and FSS with 
Kirsch masks (2) are the next least complex neural 
networks, however, the recognition rates are signiticantl.y 
higher, at 97.3% and 98.0% re!tpectively. 

1 Note that in table 6 only backpropagation neural nets applied to 
handwritten character recognition are considered. The nwnber 
of citations is limited because some papers did not provide full 
neural net architecture specifications and so could not be 
compared, while other well known neural nets were not cited as 
they were variations of backpropagation such as recurrent, 
neo-cognitron and SOM. 
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Figure 12. Computational Complexity far premier neural 
· net classifiers 

9. Neural Network Classifier Speed 
Software Implementation 

The time for classification, or classification speed of 
artiticial neUral networks can be calculated far software 
implementation. as it is a once only operation Note that 
the reading time for weights is ignored. 

Calculation assumes a 3 layer neural network but a 
simillli calculation applies to a neural net with any 
number of layers: 

Let T = total recognition time 
M = number inputs 
N = number of hidden nodes 
0 =number of outputs 
W = total number of weights 
t = computation processor time 

T= M.N.t + N.O.t 
T= (M.N +N.O) t 
T=W.t 
:. Toe W 

Theretore, the total recogmuon time, T, is directly 
proportional to the number of weights or, conversely, the 
recognition speed is inversely proportional to the total 
number of weights of the neural net. 

The "classitier speed factor" is calculated by the weight 
ratio in reference to the Perceptron by Kussul with 
512,000 weights, as the speed of the neural net classifier 
is directly proportional to the number of weights. This 
comparison of speeds far the neural networks shows that 
the fastest recognition speed is obtained by Lee with 8200 
weights. The slowest neural nets are the single classifiers 

. of LeCun and Kussul with 400,000 to 512,000 weights. 
Figure 13 shows the classifier speed versus recognition 
rates for premier neural net classifiers. 
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Figure 13. Classifier speed versus recognition rates for 
premier neural net classifiers 

While the featnre extraction method plays a signiticant 
role in the recognition rate of handwritten characters [15], 
it is also clear that a large statistical sample is required for 
writer independent classification using noorc:ll networks. 
The neural network of Knerr (5) employed a training set 
of 7200 character~ to produce a recognition rate of 90.3%. 
A minlmal number of weights were used but the neural 
net appears to have been under-specified in terms of th.e 
training set size and hence a relatively low recognition 
rate has been the result. The neural networks of LeCun (4) 
and Kussul (3) have employed extremely large training 
sets of 60,000 characters. Correspondingly large 
individual neural networks with a high number of 
weights, between 400,000 and 512,000, were required for 
optimal architecture to produce high recognition rates of 
up to 99%. 

The multi-resolution neural network (1) has attained a 
classification rate of 97.3% using only 38,280 weight 
connections and the multi-resolution neural net is 
approximately ten times faster than the individual neural 
nets of LeCun and Kussul. In terms of the recognition rate 
provided by a given neural net architecture per the 
number 9f training exemplars this appears to be optimal. 

When managed by a single processor, the software 
implementation of pnrallel neural nets is necessarily 
slower because classification is sequential. 
Notwithstanding, fast classification times, of in the order 
of 10 milliseconds, have been recorded with an 400 MHz 
PC processing 3 parallel neural networks. ThiS translates 
into a "stand-alone" maximum classification rate of 100 
characters per second. Accordingly, the multi-resolution 
neural network, in conjunction with multiple parallel 
neural nets, offers one of the fastest classification 
techniques available. 
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Table 5, Confusion Matrix digits "O"to '9" 
4 Parallel Neural Nets with averaging consensus 

Output 
0 1 2 3 4 s 6 7 8 9 Total 

0 98 1 1 100 
1 100 100 
2 100 100 

Inpu 3 1 96 2 1 100 
4 1 97 2 100 
5 3 1 95 1 100 
6 1 1 1 97 100 
7 1 99 100 
I! 1 1 98 100 
9 100 100 

total 1000 

RECOGNITION RESULTS 
TOTAL RECOGNITION RATE= 98.0% 
REJECT RATE= 0.0% 
TOTAL ERROR RATE= 2.0% 

10. Conclusion 
This paper shows that high recognition rates, similar to 
the human reader,. can be achieved using multi-resolution 
parallel neural network~. Cla~sification can be enhanced 
by the multiple scaling of feature spaces. This reduces 
position sensitivity of character data while, at the same 
time, recO,!,'Tiising the global and fine structure of the data. 
A pyramidal machine vision technique is made possible 
with the use of the method of zoning. In this case, a 
"Fuzzy Sub-sampling" feature extraction technique has 
employed zones with dimension· reduction factors of 2, 3, 
and4. 

It has been shown that recognition rates of handwritten 
characters increase with the size of the training set when 
iutiticial neural networks trained with back-propagation 
are utilised. Very large training sets of up to 60,000 
characters for handwritten digits have achieved 
recognition rates of 98-99% when using a single neural 
network. However, the use of multiple resolution neural 
nets offers high recognition rates up to 98%, 
approximately ten times faster than the individual neural 
nets employed by LeCun and Kussul, using a relatively 
small training set of only 1000 exemplars. 

The number of weight interconnections for a multi-
resolution network is minimal for equivalent recognition 
results. Therefore, the multi-resolution neural network 
optimises the cost and speed of classification. With regard 
to hardware ilnplementation multiple parallel neural 
networks ofier one of the fastest means of classification, 
providing high classification rates with a processing time 
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equal to a single neural net, provided that multiple 
processors are used. 

The "multi-resolution" or pyramidal method of zoning 
feature spaces is not limited to Fuzzy Sob-Sampling, and 
may be applied to a range of feature spaces. Moreover, it is 
anticipated that classification results for the multi-
resolution neural net using FSS will be further improved 
with larger training sets. The multi-resolution neural 
network offers an efficient means of classification in terms 
of classification accuracy, computational complexity and 
speed. 
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