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ABSTRACT 

A regression method is proposed to combine decisions of multiple character recognition algorithms. The 
method computes a weighted sum of the rank scores produced by the individual classifiers and derive a consensus 
ranking. The weights are estimated by a logistic regression analysis. Two experiments are discussed where the 
method was applied to recognize degraded machine-printed characters and handwritten digits. The results show that 
the combination outperforms each of the individual classifiers. 

1. INTRODUCTION 

Studies_oR-cha,r_~~t~!_~~_~Q_gnitionhave been focused on developing effective feature descriptions and classifiers. 
This has resulted in many chara~~·~~~~gr;itiona.lgoritIirDsusefurf6t-b-6th·corrstrained--and-unGonstl"ained.domains-, __ 
It has been observed that existing recognition algorithms often have uncorrelated errors [3], and it is suggested that 
a robust recognition procedure could be obtained by taking advantages of their individual strengths [9]. 

Recent studies on multiple classifier systems have revealed that substantial improvement in classification 
correctness can be obtained by combining decisions of independent classifiers [7]. Useful methods that have been 
explored include the highest rank method, the Borda count method, and the logistic regression method [8]. In 
this paper, we discuss the logistic regression technique and how it can be applied to combine decisions of multiple 
character recognition algorithms. 

2 .. REP RESENTING DECISIONS AS A RANKING OF THE CLASS SET 

We assume that each recognition algorithm outputs its decisions in the form of a ranking of the character class 
set with respect to an input image. The combination method operates on such rankings and is therefore independent 
of the details of the internal structure of each individual algorithm. The method is described in Section 3. An 
example of combining class rankings is given in Section 4. 

Recognition algorithms that output a single decision are considered as special cases, where the rank scale 
has only two distinct levels. Our combination method applies to these cases as well, though better performance is 
expected in combination of complete rankings. An example of combining single decisions is given in Section 5. 

3. LOGISTIC REGRESSION ANALYSIS 

The proposed combination method computes a consensus ranking of a class set according to a weighted sum 
of the rank scores produced by the individual classifiers. 

Assume that m classifiers C l , C2 , ••. , Cm are applied to rank a set of character classes with respect to an input 
image. As a result, a vector x = < Xl, X2, ••• , Xm > is computed for each class, where ~i is the rank score assigned 
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to that class by classifier Ci . For convenience in discussion, we assume that Xi for a class c has the largest value if c 
is the top choice by classifier Ci. For example, in a 62-class character recognition problem, Xl for class 'B' has value 
62 if 'B' is the top choice by classifier CI . 

A combination function of the following form is proposed: 

where WI, W2, ... , Wrn are constant weights associated to rank scores Xl, X2, ..• , xm . For a given image, a value of I(x) 
is computed for each class. The class set can then be reordered by values of I(x). Such a consensus ranking is the 
output of the combination algorithm. The value of I(x) reflects the strength of confidence of the algorithm in that 
particular class. A threshold on its value can be experimentally determined such that classes with values of I(x) less 
than the threshold can be rejected. 

Logistic regression analysis is applied to estimate the weights WI, W2, ••• , W rn. The estimation is based on 
observations of classifier performance on a training set for which all the tr~e classes are known. The analysis uses a 
binary response variable Y to distinguish the true class of each image from the other classes. 

Suppose that for each image in the training set, m rankings of n classes are produced by the m classifiers, 
and hence a set of values of the vector x are observed. A binary response Y is then associated with each x, where 
Y = 1 if that class is the true class of the given input, and Y = 0 otherwise. An observation tuple < Y, x > is thus 
obtained for each class with respect to each image in the training set. 

Values of x fall in an m-dimensional space, and each component·value Xi ranges between 1 and n. Using a 
training set of p images, n x p observations of < Y, x > are obtained. At each level of x, the frequency that the class 
is the true class of a given image (Y = 1) is then computed. These frequencies are used to estimate the expected 
value of Y at a computed level of x for each class for an unseen image. 

For each class, the· value of Y has two possible outcomes with respect to a given image. Y therefore has a 
Bernoulli· distribution with mean 

E(Y) = 1 x P(Y = 1) + 0 x P(Y = 0) = P(Y = 1). 

Denote the probability P(Y = 1) as ?rex), where x = (Xl, X2, ••• , xm ). Hence E(Y) = ?rex) which must fall 
between 0 and 1. 

Intuitively we expect that the likelihood of a class being the true class, i.e., P(Y = 1), is larger when it is 
ranked higher by the classifiers. The relationship between the ranks and the tendency towards being a'true class is 
expected to be monotonic, but not necessarily linear. In fact, we expect ?rex) -+ 0 when component values of x are 
small, and ?rex) -+ 1 when component values of x are large. A logistic distribution is therefore appropriate to model 
the relationship between E(Y) and x [1] [5]. Figure 1 shows the graphs of a logistic function. 

For the case with one independent variable, the function has the form 

( ) 
_ exp (0 + (3x) 

?r X - I + exp (0 + (3x)' 

where a, f3 are model parameters. 

U sing this function as a model, the odds of having response 1 (P(Y = 1» are 

7r(X) (R ) 
I _ 7r(x) = exp a + fJX • 

The log odds is therefore linearly reIated to the independent variable X 
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Figure 1: Logistic functions. 

log 1 :(~tX) = (a + f3X), 

which can be generalized to the multivariate case with m independent variables as 

A transformation 
linearly related to x. 

L(x) = log 7r(x) 
1 - 7r(X) is defined. L is referred to as the log-odds, or the logit, and is 

The logit transforIIlation links the problem to general linear regression analysis. Methods based on maximum 
likelihood or weighted least-·squares can be used to estimate the model parameters a, PI, 132, ... , 13m [1] [5]. The 
relative magnitudes of the estimated parameters indicate the relative significances of the classifiers in their marginal 
contribution to the logit. Hence the parameters can be used as weights for the rank scores given by each classifier. 

In a test run, for each image, the logit for each class is predicted by the estimated model. If a class is ranked 
at XI,X2, ••• ,Xm by classifiers C1 ,C2 , ... ,Cm respectively, its probability of being the true class is given by 

where a and f3i (i = 1, ... , m) are estimated model parameters. 

If only a ranking of the class set is needed, the classes can simply be sorted by the predicted logits in descending 
order. The class with the largest logit is then considered as the most likely class to which the input image belongs. 
This process is illustrated in Figure 2. 

4. EXAMPLE 1: COMBINATION OF CLASSIFIERS THAT PRODUCE FULL RANKINGS 

A multiple classifier system is used to recognize machine printed characters. The system is intended to 
recognize degraded character images in multiple font styles. The characters are in 62 classes, including the upper 
and lower case English alphabet and the 10 Arabic numerals. Sample images are collected from live mail, scanned 
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L (w) = 0.23 X (10-4) + 0.16 X(10 - 7) + 0.41 X (10 - 2) + 0.35 X (10 - 3) 
= 0.23 X 6 + 0.16 X 3 + 0.41 X 8 + 0.35 X 7 
= 7.59 

L (v) = 0.23 X (10 - 8) + 0.16 X (10 - 4) + 0.41 X (10 - 8) + 0.35 X (10 - 5) 
= 0.23 X 2 + 0.16 X 6 + 0.41 X 2 + 0.35 X 5 
=3.99 

Final ranking obtained by sorting the words by L in descending q.rder .... 

Figure 2: Class set reordering by the logistic regression· method. 

on a postal OCR at a resolution of 212 pixels per inch. They are then binarized and normalized to 24x24 in size. 
The quality of the images is highly unstable, and is in many cases very much degraded. Examples of the images in 
the collection are shown in Figure 3. 

Due to similarities in shape after size normalization, several groups of classes are merged into single classes. 
These include the groups {o,O,O}, {l,I,I,ij}, {c,C}, {p,P}, {s,S}, {u,U}, {v,V}, {w,W}, {x,X}, and {z,Z}. Therefore, 
only 48 distinct classes are considered. 

Six classifiers are used to recognize the characters. These classifiers use two sets of features in three classification 
methods. 

The features are encoded in binary feature vectors. The first feature vector contains the binary pixel values of 
the normalized image and has 576 dimensions. The second vector contains feature values obtained by c()nvolving the 
image with a set of 32 feature templates given in [2]. Those templates are intended for detection of simple structural 
features like end points and points on edges. For e~ch of the 32 templates, the 24x24 convolution response map is 
partitioned into 3 x 3 cells. The response in a cell is set to 1 if there is any occurrence of that feature in "that cell. 
The resultant vector has 32 x 3 x 3 = 288 dimensions. 

Each of the two feature vectors is input to three different classifiers, including ~ Bayesian classifier with.. feature 
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Figure 3: Example images in the test set. 

independence assumption [6], and two nearest-neighbor classifiers. The Bayesian classifier produces a ranking of the 
class set according to the posterior probabilities. In the nearest-neighbor classifiers, a Hamming distance is computed 
-between- eachinpur-vector-ana-eacn ·prototype-vector; ·±he-two-dassifiels-differjn_the_ .. :waY'---.the __ clas~~_are_!~nk~~: __ 
In the first classifier, the minimum distance between the input vector and all prototypes of a particular class is 
taken as the distance of the input to that class. The classes are then ranked by these minimum distances. This 
classifier is referred to as the modified nearest-neighbor classifier. In the second classifier, the distance from an input 
to a class is computed by averaging the distances from the input to the two closest prototypes for that class. The 
classes are then ranked in ascending order by these averaged distances. This classifier is referred to as the modified 
2-nearest-neighbor classifier. Table 1 summarizes the six classifiers used. A set of 19151 samples is used to train 
each of the six classifiers. 

Table 1: A set of classifiers for character recognition. 

Classifier Features Classifier Design 
PBC pixel values Bayesian with independence assumption 
PNC pixel values modified nearest-neighbor 
P2N pixel values modified 2-nearest-neighbor 
BBC Baird features Bayesian with independence assumption 
BNe Baird features modified nearest-neighbor 
B2N Baird features modified 2-nearest-neighbor 

The six classifiers are applied to a set of 8000 sample images which are distinct from those used in classifier 
training. A logistic regression analysis is performed using the rankings of the 48 classes given by the six classifiers. 

For each of the 8000 samples, an observation vector of the form < Y, RpBC, RpNC, RP2N, RBBC, RBNC, 

RB2N > is obtained for each class, where Y is 1 if that class is the true class for that image and 0 otherwise, and Rc 
is the rank assigned to that class by classifier C for that image. The ranks are represented by adescending number, 
so that Rc is 48 if that class is ranked at the top by classifier C, and Rc is 1 if it is considered the least similar to 
the input image by C. There are 48 such vectors for each training image. To simplify the analysis, only the top 10 
decisions from each classifier are considered, that is, the vectors are used in the analysis only if any of the Rc's is 
larger than 38. 

Nine different models are attempted in the analysis. Table 2 summarizes the results of an analysis using the 
SAS procedure CATMOD [13]. For the pixel features, the results indicate that the decisions of both PNC and PBC 
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ate·significant when only these two classifiers are used (modell). However, when P2N is introduced (model 2), 
becomes insignificant. Since its weight estimate becomes close to zero, it has almost no influence in promoting 
rank of any class, and can therefore be ignored. The results for the Baird feature based classifiers are similar (models 
3,4). Model 9 shows that when all six classifiers are used, PNC and BNC become insignificant (estimated magnitude 
of the parameter is small and the standard error is large) and the combination should be based on the four other 
classifiers. 

Table 2: Analysis of maximum likelihood estimates in logistic regression. 

Standard Chi-
Model Effect Parameter Estimate Error Square Prob 

1 INTERCEPT 1 -23.7605 0.3833 3842.63 0.0000 
PNC 2 0.2951 0.00818 1302.55 0.0000 
PBC 3 0.1861 0.00625 887.27 0.0000 

2 INTERCEPT 1 -25.0556 0.4121 3695.84 0.0000 
PNC 2 -0.0107 0.0215 0.25 0.6180 
PBC 3 0.1730 0.00615 790.01 0.0000 
P2N 4 0.3466 0.0238 212.39 0.0000 

3 INTERCEPT 1 -24.9299 0.4149 3610.43 0.0000 
BNC 2 0.3425 0.00920 1384.96 0.0000 
BBC 3 0.1633 0.00612 712.72 0.0000 

4 INTERCEPT 1 -26.9303 0.4614 3405.92 0.0000 
BNC 2 -0.0100 0.0205 0.24 0.6274 
BBC 3 0.1448 0.00593 597.07 0.0000 
B2N 4 0.4136_ .9-,Q23,5 .... 308.93--- -0.0000-

....... -5 . ··--INTERCEPT 1 -21.8316 0.3559 3762.15 0.0000 
PBC 2 0.2277 0.00692 1082.12 0.0000 
BBC 3 0.2107 0.00684 948.43 0.0000 

6 INTERCEPT 1 -25.4009 0.4204 3650.28 0.0000 
PNC 2 0.2186 0.00766 814.00 0.0000 
BNC 3 0.2974 0.00910 1068.49 0.0000 

7 INTERCEPT 1 -27.5226 0.4652 3499.64 0.0000 
P2N 2 0.2275 0.00845 724.48 0.0000 
B2N 3 0.3337 0.0104 1028.18 0.0000 

8 INTERCEPT 1 -26.1740 0.4099 4078.14 0.0000 
PBC 2 0.1085 0.00614 312.51 0.0000 
BBC 3 0.0836 0.00574 212.28 0.0000 
PNC 4 0.1405 0.00764 338.62 0.0000 
BNC 5 0.2076 0.00896 536.83 0.0000 

9 INTERCEPT 1 -27.7886 0.4537 3751.44 0.0000 
PBC 2 0.0996 0.00608 268.56 0.0000 
BBC 3 0.0775 0.00563 189.54 0.0000 
PNC 4 -0.0579 0.0220 6.93 0.0085 
BNC 5 -0.0232 0.0212 1.20 0.2741 
P2N 6 0.2130 0.0244 76.40 0.0000 
B2N 7 0.2648 0.0243 119.12 0.0000 

A set of 12000 samples are used to test the performance of these models. Table 3 shows the performance of 
each of the six classifiers and their combinations by the regression method with parameters given in Table 2. The 
parameter is set to zero if it is determined to be insignificant. 

The fact that the combination (PBC,P2N) performs better than either PBC or P2N individually indicates 
that even using the same feature set, different classifier designs give independent decisions that can be combined to 
achieve a higher performance level, though the improvement is not as remarkable as a combination of classifiers that 
use different feature sets. This suggests that different information contained in the feature vectors is utilized in each 
classification method. Such information is effectively used in a multiple classifier system. 

From Table 3, we can observe improvements to the top choice correct rates in each combination over the 
individual classifiers. The most significant improvement is obtained by combining four classifiers (PBC, BBC, P2N, 
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Table 3: Performance of character classifiers and their combinations on test set. 

Correct Rate (%) at Top N Choices 
Model . Classifier( s ) 1 2 3 4 5 10 

PBC 79.3 87.8 91.2 92.8 94.3 97.6 
PNC 85.3 91.3 93.3 94.7 95.4 97.7 
P2N 85.8 91.9 93.9 94.9 95.7 97.9 
BBC 79.1 87.5 90.7 92.4 93.9 97.1 
BNC 84.3 90.8 93.3 94.6 95.4 97.7 
B2N 85.4 91.7 93.9 95.1 95.7 98.0 
Logistic Regression 

1 PBC,PNC 85.4 92.2 94.5 95.7 96.7 98.5 
2 PBC,P2N 86.3 92.8 94.7 95.9 96.8 98.6 
3 BBC,BNC 85.3 91.8 94.1 95.3 96.1 98.3 
4 BBC,B2N 86.0 92.3 94.5 95.7 96.4 98.4 
5 PBC,BBC 81.3 89.8 92.7 94.5 95.8 98.3 
6 PNC,BNC 86.7 92.6 94.6 95.6 96.2 98.4 
7 P2N,B2N 86.9 92.9 95.0 95.9 96.5 98.5 
8 PBC,BBC,PNC,BNC 88.1 93.8 95.7 96.6 97.2 98.8 
9 PBC,BBC,P2N ,B2N 88.8 94.1 95.7 96.7 97.4 98.9 

B2N), which gives a net increase of 3% in the top choice correct rate over the best individual classifier (P2N). 
Corresponding improvements are also observed in larger neighborhoods. 

This section describes an application of the logistic model to decision combination in handwritten' digit recog
nition. In this application, each of the classifiers outputs a single decision on the class identity of a given image 
instead of a full ranking of the class set. 

The inputs are binary images of handwritten digits extracted from live mail scanned at 300 ppi a.nd normalized 
to 16x 16 pixels in size. Four classifiers are used to recognize the digits. The first is a second order polynomial classifier 
(referred to CiS P). Ituses pairs of pixel values as features [14]. The second classifier uses a mixed approach (referred 
to as M) based on the methods described in [12]. The third classifier is based on stroke analysis (referred to as S) 
[10]. The fourth classifier is based on analysis of chain codes that represent character contours (referred to as C) [4]. 

In this application, only one class decision is output by each classifier. A ranking is thus a binary score. For 
example, if a classifier decides that an input digit is an '8', then the class '8' receives a score '1' and all other classes 
receive a '0'. 

A logistic model was estimated using 6432 images as a training set. Table 4 summarizes the results of a 
logistic regression analysis on this set of data by the SAS procedure CATMOD. The results indicate that all the four 
classifiers have significant contribution to correct classification, since each of them receives a substantial weight at 
similar levels of estimated standard errors. 

Table 4: Analysis of maximum likelihood estimates in logistic regression. 

Standard Chi-
Effect Parameter Estimate Error Square Prob 
INTERCEPT 1 -4.7185 0.2086 511.90 0.0000 
P 2 2.7592 0.1701 263.15 0.0000 
M 3 1.5955 0.1644 94.21 0.0000 
S 4 3.2707 0.1727 358.74 0.0000 
C 5 1.4672 0.1659 78.24 0.0000 

The four classifiers and the estimated logistic model were applied to a set of 2711 testing images, distinct from 
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all those used in classifier training or model estimation. Table 5 summarizes the individual performances of the 
four classifiers and their combination using the estimated model. Different thresholds are applied to the computed 
logit. The last three rows in Table 5 show the effects on the reject rate and error rate if only the decisions 'above 
the thresholds are accepted. 

Table 5: Performance of digit classifiers and their combination on test set. 

% Correct % Error % Reject 
Polynomial 93.6 5.6 0.8 
Mixed 84.2 9.0 6.8 
Stroke 89.4 9.8 0.8 
Chaincode 86.0 2.6 11.4 

Logistic Model 95.65 4.35 0.00 
with threshold tl 94.87 2.51 2.62 
with threshold t2 94.21 1.66 4.13 
with thr'eshold t3 73.48 0.04 26.48 

6. REMARKS 

The success of logistic regression analysis in this context depends largely on the validity of the linearity 
assumption. This can be examined by graphical methods including plots of the empi[ic~!JC2g!~fL~!!~r~siduals[111. 
In our e){:Q~~@~p~s __ with_example-l-,-we-f0undthat alineatmodelis appropriate for at least top ten decisions in each 
ranking. Taking more than ten choices is not recommended, as it makes the estimation more costly and worsens the 
combined performance because of a lack of fit by the linear model. 

The Chi-square value computed for each model parameter can be used to evaluate the parameter significance 
in an ordinary logistic regression analysis. However, caution has to be taken in this application. Because there is only 
one true class for each image, Y = 1 for one class implies Y = 0 for all other classes with respect to that image. In 
other words, values of the response variable Yare related for each image but independent across different images. This 
may lead to the problem of overdispersion or underestimates of the standard. errors (Chapter 3, [5]). Nevertheless, 
the weight estimates are unaffected. As our concern is to obtain a useful combination scheme, we suggest that the 
significance of a model be evaluated experimentally by observing its performance on a test set. Though, relative 
significance of the classifiers in a combination can be told by the relative magnitude of the parameter estimates. 

Other methods for weight estimation include two-class discriminant analysis and neural network approaches. 
Logistic regression is more robust to the forms of the distributions of x and is thus suitable for this application. A 
neural network can be constructed to estimate the weights by least-squares. However, difficulties in estimation could 
be encountered if more weight variables are introduced using multiple layers. 

7. CONCLUSIONS 

A method was proposed for combining decisions by multiple character recognition algorithms. The method 
ie-ranks a set of classes with respect to an input image by computing a weighted sum of the rank scores assigned to 
each class by the individual classifiers. The weights are estimated by logistic regression analysis using observations 
of the classifier performances on a training set. 

Two examples were described where the method was applied to recogniz~ degraded machine-printed characters 
and unconstr~ined handwritten digits. Experimental results show that a substantial increase in correct rate can be 
achieved by combining a set of independent classifiers. The contribution of each classifier in a combination can be 
evaluated and insignificant classifiers can be identified and removed. 
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