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Abstract 

The nearest neighbor (NN) approach is a power- 
fd nonparametric technique for pattern classification 
tasks. In this paper, algorithms for prototype reduc- 
tion, hierarchical prototype organization and fast NN 
search are described. To remove redundant category 
prototypes and to avoid redundant comparisons, the 
algorithms exploit geometrical information of a given 
prototype set which is represented approximately by 
computing k-nearest/farthest neighbors of each proto- 
type. The performance of a NN classifier using those 
algorithms for Japanese character recognition is re- 
ported. 
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1 Introduction 

Given a test sample, a NN classifier recognizes the 
sample by finding its k-nearest neighbors among a set 
of prototypes that have been labeled with category 
identity. Using the whole set of training samples as the 
prototype set, which is usually very large in size, the 
accuracy of a NN classifier is very high. However, such 
a classifier is very slow because it has to exhaustively 
match all the prototypes against the test sample to 
find it k-nearest neighbors. 

To improve speed without much sacrifice of accu- 
racy, different approaches have been proposed to make 
the NN approach more practical[l]. One of the ap- 
proaches is to reduce the size of prototype set[3, 41. 
Another important approach is to speed up the search 
procedure during classification[2]. 

TO apply the NN approach to Japanese charac- 
ter recognition, two difficulties have to be addressed. 
First, the number of categories is large, e.g., there are 
more than 3,000 frequently used Japanese characters 

in Japanese document. Most characters in the charac- 
ter set are Chinese characters, or so-called Kanji. To 
deal with so many categories with variations of font 
and degradation, a training set is usually very large in 
size. Second, the feature description for a Kanji is usu- 
ally high in dimension because the stroke structure of 
a Kanji character is complex. These difficulties make 
a brute-force NN classifier almost impractical because 
the computation load is so heavy. 

In this paper, algorithms for prototype reduc- 
tion, hierarchical prototype organization and fast NN 
search are described. The prototype reduction algo- 
rithm is a non-iterative process. To remove redundant 
prototypes and to avoid redundant comparisons, the 
algorithms exploit the geometrical information of the 
prototype set which is carried by k-nearest/farthest 
neighbors of each prototype. Then, we report our ex- 
periments on designing a NN classifier for Japanese 
character recognition by using those algorithms and 
discuss its performance on large data sets. 

2 Using Nearest/Farthest Neighbor- 
hood as Geometric Information 

Here, we propose to use k-nearest/farthest neigh- 
bor lists to estimate the geometric information, which 
is about the distribution of samples in the feature 
space of a given sample set. Given a set of sam- 
ples, P = {PO,PI, . . . . . p,-r}, for each sample pi, its 
k-nearest neighbor list, Ni = {rai,, nil, . . . . . na,k-r}, can 
be computed by comparing the sample with the rest 
of samples; similarly, its k-farthest neighbor list, F; = 
{ho, fil, -..., .fi,k:-r}, can be computed. For each nij 
and fij, we also keep their distances to pi, Dist(pi , nij) 
and Dist(p;, f;j) respectively. Those data will be used 
in the algorithms described later. 

When the size of a training set becomes very large, 
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it is time-consuming to calculate the exact k-nearest 
neighbor list for each sample. To speed up, an approx- 
imate algorithm was designed. 

3 Prototype Reduction 

Given a training set, the step of prototype reduc- 
tion is to select a subset of samples which can repre- 
sent the whole training set. The subset can be gen- 
erated by deleting those redundant samples from the 
training set. In detail, an algorithm, RNNB, for the 
method is described in Figure 1. By checking the pre- 
computed nearest neighbor list of each training sam- 
ple, the algorithm decides whether a training sample 
can be deleted without negative effect on correct clas- 
sification of itself and other samples if the sample is 
removed. 

Given two training samples, x and y, which are 
from the same category, the function redundant() 
tests whether x is redundant in the presence of y in- 
side the current prototype set P. This can be done 
by examining the k-nearest neighbor list of each pro- 
totype in P. If there exists a prototype p which has 
its k-nearest neighbor list as following, 

. . . . 2, .‘.) z )..., y )... 

where z is a sample from a different category and it 
is very close to x or y in distance, then, 2 can not 
be redundant; otherwise, x is redundant and can be 
removed from the prototype set P. In the algorithm, 
(Y and /3 are two parameters to control the size of pro- 
totype set to be derived. 

Previous methods, such as Hart’s condensed nearest 
neighbor rule (CNN) and Gates’ reduced nearest neigh- 
bor rule (RNN), h ave to call the procedure of classifica- 
tion iteratively to test whether the deletion(or adding) 
of a prototype affects the correct classification of the 
other prototypes[4, 31. The advantage of the method 
here is to avoid such an iterative process. 

4 Fast NN Search 

To speed up NN classification, we proposed a fast 
NN search algorithm, FNN. The basic idea is to avoid 
unnecessary comparisons. Suppose there is a test sam- 
ple X to be classified (see the triangle in Figure 2). It 
has to compare with prototypes from the prototype 
set. After the comparison between the input pattern 
X and a prototype pi, we know that the distance be- 
tween them is very small. For those prototypes in pi’s 

A‘ssumptionl training set is S = {sl, ~2, . . . . . . . sn 
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redundant = TRUE; /* assume x is redundant */ 
FOREACH si in P DO 

17. RETURN(redundant); 
END. 

Figure 1: An algorithm for prototype reduction 

k-farthest neighbor list, such as fil, fi2 and fa3 shown 
in Figure 2, without going further to compare each of’ 
them with the input sample X, we know the distance 
will be very large and therefore they can not be in X’s 
k-NN list. Similarly, after the comparison between X 
and a prototype pj, we know that the distance be- 
tween them is very large. For those prototypes in pj’s 
k-nearest neighbor list, such as njl,njz,njs and nj4 
shown in Figure 2, without going further to compare 
each of them with the input sample X, we know the 
distance will be very large and therefore they can not 
be in X’s k-NN list. In detail, the algorithm which is 
based on the discussion above is described in Figure 3. 

5 Packing Prototypes and Fast NN 
Search 

In order to further speed up the search process, 
The prototype set can be organized into a hierarchical 
representation. The prototype set is divided into two 
levels. The first level is the so-called “centroid set.” 
For a centroid, there may be a set of prototypes which 
are stored in the second level. The set for a centroid 
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Note: l denotes prototype; A is an input pattern x. 
Figure 2: Speed up nearest neighbor search by avoid- 
ing redundant comparisons 

is called as the centroid’s “package.” A centroid can 
approximately represent those prototypes in its pack- 
age. The process to create such a hierarchy is to pack 
prototypes for selected centroids. 

In the algorithm PackProto-f, by randomly pick- 
ing up a prototype pa in the prototype set P, pi will be 
put into the CentroidSet. Its package will be formed 
by checking pa’s k-nearest neighbor list, 

Pie, Pdl, “., Pij, “., Pi,&1 

,fiom the list, the farthest-like-neighbor, pi can be 
found so that all those neighbors, pio,pil, . . ..pa.j-1, 
will be put into pi’s package. Here, furthest-like- 
neighbor means the last prototype in the k-nearest 
neighbor list, which has the same category as pi’s. In 
this way, it allows a centroid to have some prototypes 
in its package which are from different categories. The 
algorithm is therefore farthest-l ike-neighbor-based. 

Similarly, a nearest-unlike-neighbor-bused algorithm 
PackProto-n is designed. In this version, after choos- 
ing pa as a centroid, all neighbors before the nearest- 
unlike-neighbor in pi’s k-nearest neighbor list will 
be put into pi’s package. Here, the nearest-unlike- 
neighbor is the first neighbor whose category identity 
is different from the pi’s. 

After packing prototypes, the k-nearest neighbor 
list and k-farthest neighbor list of each prototype in 
the centroid set C will be computed. The NN classifier 
can be described as a two-step procedure. Given a test 
sample X, its approximate k-nearest neighbors XX in 
the centroid set C can be calculated using the search 
algorithm described above. Then the prototypes in the 
packages of those centroids in 7~ will be compared 

FNN X p, 01, ~2,PlrP2) 
!x? IS Input pattern; 
P is Prototype Set: (pi~,pl, . . . . . pn-l} 

RF,& 
cq, /3x and p2 are thresholds; 

f : 
Topk-Candidate-Set t 0; 

43: 

kth-smallest-d& +- +co;. 
FOREACH rototypep, m  P DO 

IF (Dist(%,p;) < kth-smaZlest..dist) 

i: 
update To k-Candidate-Set 

an kth-smallest-dist: B 
/* remove some prototypes from’P if possible */ 

/* to make the Top-k-Candidate-Set more accurate by 
* matching X to prototypes in k-nearest neighbor lists 

25. FOREACH prototype pi in Top-k-Candidate-Set DO 
26. OUtpUt Ccl.tegOTy(pi); 
27. ENDFOR 
END. 

Figure 3: A fast NN search algorithm 

with X to generate the final k-nearest neighbors NX 
for the sample. 

6 A NN Classifier for Japanese Char- 
acter Recognition 

A NN classifier using the algorithms described 
above was implemented and tested on machine-printed 
Japanese character images. The feature used in 
the classifier is so-called Local Stroke Direction(LSD) 
feature[5]. The dimension of the feature is 256. 

The first experiment is to use samples from ETL 
cdrom to do training and testing. There are totally 
52,004 samples in ETL database. The number of cat- 
egories is 2,147. Half of samples were used as training 
samples(the set ETLt,.=l,) and half of them were used 
for testing(the set ETL+.,t). 

Using the whole training set ET&,,;, as prototype 
set, the performance of a brute-force NN classifier on 
the testing set ET&t is shown in Table 1 (a). 

Given the training set ETLtrain with 26,002 sam- 
ples, the RNNP algorithm generated a reduced set 
ETLp with 5,117 prototypes. Using ETLp as the 
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prototype set and ETL,,,t as the test sample set, the 
performance of our classifiers and a brute-force NN 
classifier is shown in Table 1 (b). The performance of 
the brute-force NN indicates that the reduced proto- 
type set ETLp can represent the whole training set 
ETLtrairs quit well(see also Table 1 (a) for a compari- 
son). By using our FNN, the accuracy does not drop, 
but the average number of comparisons needed for 
each test sample reduces to 3,325 from original 5,117. 
By using FNN together with nearest-llnlike-neig~~~~- 
bused PackProto algorithm(PackProto_n), the accu- 
racy drops a little and the average number of com- 
parisons reduces further to 2906. By using FNN 
together with farthest-like-neighbor-based PackProto 
algorithm(PackProto-f), the accuracy also drops a 
little, but the average number of comparisons re- 
duces further to 2460, about 48% of the prototype 
set ETLp. 

top1 
Accuracy 

top2 top5 
Brute-force NN 99.19’7 99.60% 99.81% 26,002 

(4 

(b) 

Table 1: Performance of NN classifiers on the testing 
set ETLt,,t (size=26,002): (a) by using the training 
set as the prototype set(size = 26,002); (b) by using 
ETLp as the prototype set(size = 5,117) 

Another experiment was done on a much larger 
data set. The data set is from CEDAR’s Japanese im- 
age database. Character images in the database were 
extracted from Japanese documents such as newspa- 
pers, books, journals and facsimiles. Many documents 
are highly degraded and present with many different 
typefaces and fonts. The number of categories in- 
cluded in the database is 3,230. In the database, the 
number of training samples is 114,596 and the number 
of test samples is 27,717. Training and testing samples 
are collected from different document pages. 

Because it is time-consuming to calculate exact k- 
nearest neighbor lists for samples in such a large train- 
ing set, the approximate method is utilized for this 
this experiment. There are 13,393 samples selected 

as prototypes(CEDARp) after RNNB. Table 2 has 
the classification results on testing set. Three versions 
of our classifier were tested on the testing set using 
CEDARp as the prototype set. 13,393. 

Accuracy A #f 
top1 top2 top5 corn ari- so”~ O 

Table 2: Performance of NN classifiers on CEDAR 
testing set(size = 27,717) using CEDARp as proto- 
type set(size = 13,393) 

7 Conclusions 

In this paper, algorithms for prototype reduction 
and fast NN search are presented. They use k- 
nearest/farthest neighbor lists to estimate the geomet- 
ric information of a training set and a derived proto- 
type set. A Japanese character classifier has been im- 
plemented using the algorithms. Its performance on 
two data sets was reported. To obtain a better pro- 
totype set on the large training set, the method to 
estimate k-nearest neighbor lists has to be more elab- 
orate. 
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