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Abstract

The usefulness of the hit-miss transform (HMT) and relataddforms for pattern match-
ing in document image applications is examined. AlthoughHIMT is sensitive to the types
of noise found in scanned images, including both boundagyrandom noise, a simple exten-
sion, the Blur HMT, is relatively robust. The noise immunitythe Blur HMT derives from its
ability to treat both types of noise together, and to rembeert by appropriate dilations.

In analogy with the Hausdorff metric for the distance bemvi¥eo sets, metric generaliza-
tions for special cases of the Blur HMT are derived. Whereassdorff uses both directions
of the directed distances between two sets, a metric deffead a special case of the Blur
HMT uses just one direction of the directed distances betwereground and background
components of two sets. For both foreground and backgrabedemplate is always the rst
of the directed sets. A less restrictive metric generdabmatwhere the disjoint foreground and
background components of the template need not be be setlaens, is also derived. For
images with a random component of noise, the Blur HMT is simasonly to the size of the
noise, whereas Hausdorff matching is sensitive to its lonatt is also shown how these metric
functions can be derived from the distance functions of gémredground (FG) and background
(BG) of an image, using dilation by the appropriate temglate

The Blur HMT can be used as a fast heuristic to avoid more estpeinteger-based match-
ing techniques, and it is implemented ef ciently with bomfeimage operations. The FG and
BG images are dilated with structuring elements that depenichage noise and pattern vari-
ability, and the results are then eroded with templatesseérfrom patterns to be matched.
Subsampling the patterns on a regular grid can improve spre@dhaintain match quality, and
examples are given that indicate how to explore the paramptee. Truncated matches give
the same result as full erosions, are much faster, and foe sqplications can be performed
at a restricted set of locations.

Keywords: pattern matching, scanned image, hit-miss transform, ttatfsdistance, blur
hit-miss, image morphology, OCR



1 Introduction

Pattern matching techniques are critical for all aspect@fnalysis of document images. Doc-
uments are typically scanned into a binary image, and manlyeobperations subsequently per-
formed, both for page segmentation and character identonause the pattern matching tech-
niques (e.g.erosionand its dualdilation) of binary image morphology. There are several reasons:
they are implemented by fast boolean operations; they caisée either for extracting or extend-
ing pixel aggregations, both for direct use in later imagecpssing and for subsequent analysis;
they are translationally invariant; they can be used ta be¢h foreground (FG) and background
(BG) simultaneously; and they can be used without regarémmected component analysis. Fur-
ther, there exist a variety of methods for controlling theseammunity of these operations.

One of the most important uses of pattern matching is in tladyars of character shapes. For
binary input, the result of image processing can be eitheairlpior gray (integer value) images.
Binary results are much faster to compute, but they conéas information. Even for binary out-
put, the internal operations can be integer or boolean. rkeger operations, such as convolution
and thresholded convolution (rank order Iters[8]), soreed| of noise immunity is achieved, but
at the price of doing expensive arithmetic operations o @ace|.

We use the terntemplateto refer to the pattern of FG and BG pixels that are to be
matched in the image. THet-miss transfornr{HMT) is a faster boolean operation that performs
translationally-invariant matching between both the F@ B of template and image sets. How-
ever, itis prone to error from noise because exact matcleagquired between image and template
in both the FG and BG. Because of the simplicity and power efHIMT, there have been many
attempts to use it for pattern matching. The usual approath ¢choose a subset of the template
pixels, typically sparse. We cite a few examples.

Zhao and Daut[3] gained noise immunity, relative to a HMTusyng either boundary pixels
of eroded FG and BG templates, or skeletons of these temsplestructuring elements for the
HMT. Wilson[15] automated the design of the structuringvedats through a training process that
searched for the smallest subset of pixels that would attendesired level of discrimination.
Kraus and Dougherty[5] generated a sparse set of strugtetaments by thresholding a single
grayscale instance of each character. Appropriate chdid¢kresholds is the critical element:
if chosen too conservatively, the subset is too sparse akd [@discriminatory ability; if chosen
too tightly, instances with atypical variation are misse@illies[4] took a somewhat different
approach, accumulating statistics from instances of elafracter, and thresholding the aggregates
to generate non-sparse structuring elements. From thege;pixel features were extracted and
used to train a classi er for character discrimination.

One characteristic that these methods have in common idemgttto compensate famage
noiseby altering thetemplate and leaving the image alone. We argue here that although it i
useful to choose a subset of template pixels, it is impoti@aadter the image before performing



the HMT. Theblur hit-miss transfornfBHMT) has been introduced to do precisely this[1]. Unlike
the HMT, the BHMT performs the match between template andyamtor both FG and BG, with
a variable degree of tolerance to alignment of image and lempixels. The “blur” parameter
speci es the maximum distance allowed between a templakd pnd the nearest image pixel, in
order to constitute a match for that template pixel. Statesiway, there is an interesting relation
between the BHMT and the Hausdorff metric for the distancevéen two sets, but the differences
are important for their uses in applications.

To understand the usefulness of the BHMT, it is necessarpmsider the origin of noise in
scanned documentimages. We postulate a simple model, wdrgability between instances in the
image is caused by two different processes. One typeusdary noise;aused by the binarization
process along the edge of an object. Depending on the sebagbignment of scanned objects with
scanner pixels, considerable edge variation occurs. Thiadary noise is typically restricted to a
width of two pixels, including both FG and BG boundary pixelsie second type imndom noise
either generated in printing or due to scanner defects ssidirteon the platten. This is assumed to
occur independently of the pixels in the scanned objectjanbst often observed as isolated FG
“pepper” pixels surrounded by BG. It should be noted thahligpes of noise occur ihoundary
pixels de ned to be pixels of either FG or BG that are adjacent toxelpof the opposite type.
Thus, operations that treat boundary pixels appropriatélyn uence both types of noise.

Even without random noise, boundary noise will defeat an HNHEt uses boundary pixels in
the template. Therefore, when computing matches, it issseeg to give little or no weight to the
boundary pixels. On the other hand, the non-boundary pikelsause of their high correlation be-
tween template and image, are critical for matches. Diffees occurring between non-boundary
pixels in image and template, although relatively rare| défeat both a matching technique like
HMT, that requires an exact match of all pixels, and a metrahsas Hausdorff, that is sensitive to
such “outliers”.

The paper is organized as follows. In Sec. 2.1 the BHMT is @éd,;and the method in which
it provides immunity to both types of noise is described gatvely. In Sec. 2.2, the Hausdorff
metric is introduced, and the connection between this nreasusets and operations using mor-
phology is made. Also, an illustration is given to show whg Hausdorff metric is not appropriate
for matching templates to noisy images. In Sec. 2.3, two iméinctions are constructed, that
are related to special cases of the BHMT. The same exampiensused to show how the BHMT
succeeds in matching templates to noisy images. Then i2Sed¢he BHMT metric functions are
again derived, this time from dilations by the template @& tlistance function for the image. In
Sec. 3, several methods for ef ciently implementing the BHEBre described, including subsam-
pling the template. Some experimental results are giverem &to illustrate the use of the BHMT
in identifying characters, and the major ndings of the papee summarized in Sec. 5.

We end this section with an illustration, in Fig. 1, of the fiof rank and blur template
matching operations. The HMT generalizes the erosion toatieas that match in both FG and
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Figure 1 Family of rank and blur template matching operations.

BG. The rank operations take thresholds on convolutiongreds the blur operations remove
boundary pixels appropriately before doing strict matghifherank HMT, a relatively expensive
integer operation, requires co-location of image and tategixels, but eases the constraint on the
number of matches. The rank HMT and the BHMT can also be cosdhimto therank BHMT, in
which a match is accepted if only a given number of templatelpiare within a given distance of
the nearest image pixel. In the sequel, we concentrate oBHIMET, but we give one example of
the use of theank BHMT.

2 Blur HMT

2.1 Basic de nitions

We are strictly interested in the discrete case of sets amctitns de ned on , although exten-
sions can be made to the continuous case or higher dimendibiesbasic morphological opera-
tions areerosionanddilation. The erosion of a binary image by a structuring element (SE) is
the set operation de ned by

(1)

where is the translation ofimage by . The second de nition states that erosion generates
a set with a non-empty result at every location where thestea@of  ts entirely within . The
dilation of an image is de ned



(2)

The rst and second de nitions state that dilation genesadeset composed of the union of trans-
lations of by elements in , andv.v. Note that and arenot the original de nitions of
Minkowski subtraction and addition, respectively, whigguire an inversion of the SE about its

center[12].
The HMT is a morphological template matcher whose de nitisnbased on the erosion
operator[12]. The HMT of a binary image by a disjoint pair of SEs is de ned as the set

transformation

3)

where is the set of BG pixels of . The HMT generates a set with non-empty result at every
location where both the FG SE ts entirely within  and the BG SE ts entirely within ,
the complement of . It is common to speak of the elements inashits, of elements in as
missesand elements not in their union dsn't-cares

There are several methods for reducing the sensitivity tsntdary noise. We can erode the
template SEs by the blur SEs, or dilate the image by the blsg; SEprior to the HMT. Eroding
the template removes its boundary pixels from consideratitnereas dilating the image removes
the image boundary pixels. The random noise pixels are #fiscted: eroding the template opens
up FG and BG holes, so they are not included in the match;imtijahe image closes up holes
(i.e., removes salt and pepper) in FG and BG. The resultsedetioperations (followed by the
HMT) differ, and the choice must be made based on the statigtiexpected noise. For document
images, the template is expected to be free of salt and peyjs in situations where it can be
generated by averaging a large set of instances. Howevweisthot true for the image. Salt and
pepper noise in the image will prevent matches between F@eandf the template, respectively.
Generally, it is imperative to remove noise pixels from bibtb template and image before doing
the HMT. For situations where random noise is more frequerié image than in the template,
we thus de ne the BHMT of a binary image using the SE pair for the template and the
SE pair for blur as follows (Also see [1]):

(4)

It can be noted that there is no requirement that the SEs os&tur are symmetric about their
center. Translation of the center of a SE simply resultsangtation of the dilated image. Also
note that and are typically non-overlapping. Take for example the casereh ,

and . it corresponds to a traditional HMT (no blur), using an dapping pair of SEs.
In such a case, for any set, one can easily verify that . itis indeed impossible
to translate in such a way that the translatedis included in andthe translated is
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included in . With some blur, that is when sets and are not reduced to a single pixel, it
is possible to obtain a non-empty BHMT results even when . However the practical
interest of using overlapping and is extremely limited. In the sequel, we typically assumé tha

2.2 Relation between Hausdorff metric and morphology

The Hausdorff metric is a distance between sets that allowvesto de ne a topology on the set
of all possible sets in the plane[9]. In image terminologys ia distance between the FG of two
images. The relation between the Hausdorff metric and agdaturred template matches has
been noted previously[2], and we present the connectio® her
De ne the distance function[11] from a pointto the nearest pointin a set to be f

, then . For two sets and , de ne thedirectedHausdorff distance[6] from

as the maximum over the pixels in the sebf the distance from the pixel in to its nearest
pixel in

(5)

For applications to document images, consideo be a FG template and consideto be a
windowedsubset of the image with support equal to that of the template. Then for eachtwsi
in the plane represented by, there exists a windowed subset and a directed Hausdorff
distance between and the co-located. Suppose this distance islf the set is dilated
by a disk of radius, the distance between the dilated set andill be zero. Consequently, an
erosion of the dilated by  will give a non-empty result.

The Hausdorff metric  is formed symmetrically between and , as the maximum of the
two directed Hausdorff distances:

(6)

Its relation to the blurred match between template and wirgdbimage subset is[2]

(7)

where B is the unit disk SE. This is a symmetrical relatiomieetin FG sets. If and are very
similar, small dilations act only to reduce the distancetgbuations from boundary pixels. Thus,
a single non-boundary noise pixel in eitheor can render the Hausdorff distance quite large.
The effects of noise are illustrated by the two sets showngnZ Call the sets on the left and
right and , respectively. We have chosen the template to be less nodsglahtly eroded with
respect to the image. The directed Hausdorff distanceggeakby these sets are shown in Fig. 3.
The left frame is the directed distance from , evaluated at each possible location



(@) (b)

Figure 2 Two sets used to illustrate effect of noise in Hausdorffagiceé. One
percent of random noise was added to the set on the right.

Figure 3 Directed Hausdorff distances generated from sets in Fig.The left

and right frames are the directed distances and ,
respectively.



of with respect to . Darker values represent shorter distances. The best nwatbha distance

of 0, is from the dark region near the center. However, bexafithe noise in , the distance
from , shown in the right frame, has a very large value at that iooatn fact,

the smallest distances in are found near the boundaries, due to clipping. This cligpin

effect is another complication of using a windowed diredtiadisdorff distance from large image

to a small template. For this example, the Hausdorff disganc is identical to the directed

distance for every translate of, because the match between the two sets is entirely

obscured by the noise in

2.3 Blur HMT metric

The BHMT produces a binary image representing locations mfa&ch with a given amount of
FG and BG blurring. In this section, we construct two BHMTated distance metrics, in analogy
with the Hausdorff metric. These are a generalized distiret@een image and template that,
when thresholded, produce a BHMT for the value of FG and B@& dxdwal to the threshold.
When the template SE is located on some windowed subsedf , its center falls on coor-

dinates . Label each subsetof by this location . Then form a FG/BG metric
in analogy to , that measures the directed distance between the FG and i&Gopa and .
The obvious choice for direction is . Indeed, since the template is supposed to have been

carefully chosen, it should exhibit little boundary pix@ise and no salt-and-pepper noise. Since
the main purpose of the dilation operations used as paredHMT operation is to eliminate such
noise before matching (See Eg. 4), it would not make senssealiwection . For the same
reason, using Hausdorff distance typically does not work as well as this directed blur HMT
metric because of adverse effects of salt-and-pepper tyise.nFor example, mainly because of
pepper noise, the Hausdorff distance between the two sétgof would be very large. On the
contrary, thedirectedBlur HMT distance from Fig. 2a to Fig. 2b would be dramatigamaller,
which re ects the fact that these two sets simply are diffiérastances of the same letter P.
Accordingly, we now dilate the fullimage and use the translate of , , to compare
with each subset of  in computing the metric:

(8)
9)
To understand the relation between and the BHMT, consider the BHMT in its most simple

form, with two disk SEs of equal radius for the blur and two 3&sthe templates that are set
complements. Setting and , the BHMT is found by thresholding

(10)



The restriction in that the two SEs for the templates are set complements cédny bas
relaxed to the disjoint constraint for SEs in the HMT, by neigpg only that and
Then the metric is generalized to

(11)
(12)

with the thresholding relation

(13)

We use the notation “BHMT*” to indicate the special case vehttre same dilation operator is
used for both FG and BG. For the general case there are two B#istance metrics, one for FG
and one for BG, and the BHMT is derived from from them by tho#dimg each separately and
AND-ing the results.

For reasons of both ef ciency and effectiveness we are bgsuaterested in BHMT where

and . Examples will be given in Sec. 4. In Sec. 2.4, we arrive astatice metric

generalization for the BHMT by a different route.

Whereas  has bi-directional symmetry between two FG sets, and igntive BG,
has FG/BG symmetry but imposes a directionality on the imgldietween the two sets and
Unlike the Hausdorff metric, and are relatively immune to salt and pepper noise
pixels in . However, they are sensitive to noise in the themplateo in practice, one must
ensure that the FG and BG of templatés free of salt and pepper noise.

Referring to Fig. 4, illustrating the BHMT for the same exdeng@s previously shown for Haus-
dorff, the directed distance in the rst frame is identical to the directed Hausdorff
in Fig. 3. (Although we now omit the label on , remember that these functions are de ned
over the set of translates of .) However, the second frame gives the directed distance
for the BG, . The effect of noise on this distance is small: it is deteediby thesize
of the noise in , rather than thelistancefrom the noise to . The contribution from the BG does
affect the overall match to a small extent, as shown by in the third frame. This is the special
case of the BHMT metric where the FG and BG templates are set complements. Because
the BHMT distances are always directed from the template to the large image, boundary
effects occur only on the boundary of the image

Geometrically, the BHMT as we have de ned it has the follogvimterpretation: the “blur
dilations” of image and its complement create a halo of pixels near image boundaries. This
halo can be regarded as the “don't care” region of imageand one of its nice characteristics is
that it typically contains all the salt and pepper pixelsalBMHT operation based on template
a match is obtained when the FG of the template is located opik&Es of the image or on “halo
pixels”, and when the BG of the template is located on BG gix¢khe image or on “halo pixels”.
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Figure 4 BHMT distances generated from sets in Fig. 2. The rst ancdrdc
frames are the directed distances and , respectively.
The third frame is  , the maximum of the two directed distances.

In other words, this BHMT operation introduces a way to usen‘ticare” pixels in the image
as well as in the template used for matching. As such, it istarabextension of the traditional
hit-miss operation.

2.4 Blur HMT metric derived from distance function

Let us now consider a templateand a binary image . For each translation  of this template
we are interested in computing the directed Hausdorff desta between the translated
template and . This Hausdorff distance is equal to the smallest isotrdpation size of such
that is included in this dilated image. Speci cally, if represents the isotropic ball of
the 8-connected distance function (  square), we can write

(14)
where represents the n-fold dilation of by , or equivalently the dilation of by a
square structuring element, whose center is located oeasgtric center.

Consider now for any pixel the following distance function:
(15)

This distance is simply a traditional distance function computed on thekiggound of : it
assigns to each pixel its 8-connected distance to the rigaxesof . Obviously, any pixel
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included in is given a value of 0 by this distance function. See [11, 1Bjfore information on
distance funtions and their use in morphology.
Putting together the previous two equations we can write:

(16)

In other words, the directed Hausdorff distance from to can be obtained by extracting the
maximal value of distance function over pixels belonging to the translated template
Therefore:

17)

that is, the directed Hausdorff distance between templdtanslated to pixel Is equal to the
value of the grayscale dilation of distance functionby template at pixel

The bene ts of Equation (17) are numerous. First, it progide with a computationally attrac-
tive method to compute a map of the quality of directed Hatfsdwtch at each pixel location: in
this map, the pixels with value 0 correspond to locationsreliee translated template exactly ts
inside image , pixels with value 1 are the locations where the templatansde a dilation of
size 1 of ,etc. Second, looking at this map as a grayscale image, aenohtechniques can now
be used to extract its local minima, which provide us withlteation of the local best matches of
the template. In addition, the same method can be used withhd  , thereby providing a map
of the matches between template complement and image corapte

We can one step further: to improve the “granularity” of imistric and speed up the algorithm
signi cantly, we propose to use an asymmetric distance tioncin equation (17). Instead of
de ning it based on a structuring element , use a square with the center of the
structuring element at the upper-left. Usindor distance functions has two main advantages:

The distance function based oncan be computed in a single raster-order pass through
image instead of the 2-passes required by traditional distannetions. See [14] for
more details on this asymmetric distance and its use in fagbnological algorithms.

The granularity of Hausdorff distance measurements isonvgat by a factor of 2. In the
“match map” obtained through application of equation (15ihg this asymmetric distance,
all the pixels with an odd value correspond to cases where a dilation with a

square provided the Hausdorff match. Using the distancecbas element , one
would not be able to differentiate between these matchesttadbwer-quality matches
where a dilation by was required for the match.

However, one caution in using such a non-symmetric dilagdhat the results are shifted by one
pixel with respect to the ones obtained using a symmetratidit. The left and right frames of
Fig. 5 show this distance function for the two sets in Fig. 2.
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Figure 5 Distance function generated from the left and right setsim B, re-
spectively

Now, distance requires taking the maximum of two such directed distanmes,com-
puted for the FG and one for the BG. Because the distanceidmnstasymmetric, théocation of
the result is translated to the SouthEast, relative tdoy an amount equal to the distance function
itself. Thresholding with some value generates the identical set as using blur dilation
with an SE on BG and FG before the HMT.

This set of relations is illustrated in Fig. 6, which shows #equence of operations that gen-
erate BHMT distance metrics and BHMT images. We start withithage and FG and BG
templates. Grid spacings of 2 inand directions are used for generating the FG and BG tem-
plates. In the FG, the distance function is found forand dilated with the FG template, giving
the FG directed distance metric. The dual process in the B@ythe BG directed distance met-
ric. The maximum of these gives the BHMT* metric, and for thimmple it is possible to nd
a threshold that yields a single match in the BHMT* set. Theeaesult can be derived using
the threshold individually on the FG and BG metrics, and AMD-+the result. With the threshold
chosen, it should be noted that the thresholded FG metridsyraatches in two locations, one of
which is between the template and the “g” in the image. Thigkhmaas not seen in the BG, which
removed it from the BHMT. Details of the BHMT* metric are show Fig. 7.

In the general case, one would choose different threshdlesgblur SES) in FG and BG, in
order to make the matching process more robust. This is fferehice between the BHMT and
the BHMT*. When an asymmetric distance function is used,clwhs analogous to the use of
different asymmetric SEs for FG and BG blur, the thresholaledry images, which have different
translations of the match with respect to the image, muséadigned before being AND-ed.
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Figure 7. Detail of BHMT* metric for example in Fig. 6

3 Efcientimplementations

Our interest is in nding relatively ef cient implementains of the BHMT that are effective at
locating matches without a large number of false positivas. character recognition, for exam-
ple, the purpose is not to use the best possible pattern eratckuch as those used to estimate
probabilities for templates in a maximum likelihood caktidn[7]. Instead, we might want in-
formation that is good enough to be used as a heuristic foowarg the search space for more
computationally-intensive methods that do a better joldehtifying characters. The rank opera-
tions, such as the rank BHMT, are less ef cient than the BHMEdwise they require two (integer)
convolutions by SEs, followed by thresholding. The BHMT susealy boolean operations.

We now give two approaches to the ef cient use of the BHMT fentifying text characters
in an image given a template.

3.1 Subsampled BHMT
To improve the ef ciency in a direct implementation of the BH, it is possible to

Scale down both image and templai&ecause we match all template pixels at each image
position, the total number of pixels to be matched variehaddurth power of the scaling
parameter. The actual reduction in computation will be leetwthe second power and the
fourth power, depending on the implementation.

Subsample the templat8uppose each template is subsampled by imposing a regidar g
with subsampling factors and . This has two effects. First, it decreases the computation
required. The reduction varies from approximatelyto the product , depending on
the implementation. The second effect is that the subsampdéinds to reduce the overall
template dimensions, effectively augmenting the blur aithage.
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The template can also be subsampled by choosing a randormt fiitiemplate pixels, rather
than a rectangular grid, but for a given number of templatelpichosen, the matching is sig-
ni cantly more accurate when a rectangular grid is choseesuRs using rectangular subsampled
gridding of the template are givenin Sec. 4, where it will bersthat some choices of subsampling
greatly improve the results.

The rst step is to perform the blur dilations on both the FGI &G of the image. This can
then be used for a multiplicity of templates. The BHMT cant@lemented in several ways. For
fully parallel methods, each erosion can be formed sepgrayethe usual set of translations and
ANDs, where the unit of operation can be anything from thepia the entire image. The BHMT
results by taking the intersection of the FG and BG results.

Matches of a template to a character in the image typicalkgesed at more than one
location. So that we do not over-count the matches, afteBHIT it is necessary to identify the
matches by labelling the 8-connected components in theenfagy the sparse BHMT images, this
is relatively fast compared to the BHMT itself.

3.2 Truncated BHMT

There is another implementation of the BHMT that is fastemmewhat serialized, and largely
circumvents the labelling process itself. The idea is tmdaie the matching process in each
location at the rst instance of failure. Each template carcbmposed of an array of words, with
each word representing the pixels in a template row. SuplpoiteFG and BG templates are to be
tested at some location (x,y). Choose the FG template agd i rst row with the image to test
for a match. (The test requires only three boolean opemsitidND between template and image;
XOR between this result and the template; test for 0.) If a tmatch is found, proceed to the next
template row. Whenever a line match is not found, quit the@ss at (x,y) and move to the next
image location. If a full FG match is found, repeat with the @@ plate. If both matches succeed,
record the location (the labelling process).

Matches to a single image feature typically occur contiglpuwvithin some region that is
comparable to or smaller than the blur size. The serial aspeaxjuired to avoid recording multiple
positions for an image feature that has already been matbiedn a match occurs, move several
pixels away before looking for the next match. For the samasar, when scanning successive
image lines, it is useful to avoid regions where a match wasdoproximally on lines above.
Truncation of the matching process reduces the computttieby a factor proportional to the
number of lines in the FG and BG templates that have ON pixels.

The rank BHMT de ned earlier in the paper can provide a nentrol over the matching. The
approach described in the previous paragraph also proaidetcient implementation of the rank
BHMT. Rather than testing for zero, count the ON pixels intémaplate line that are OFF in the
image. Accumulate this sum over succesive template lingsaitmer the rank threshold for that
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template is exceeded or the full template is matched. Ddahisoth FG and BG, which generally
have different thresholds. As in the BHMT, avoid searchiagrhatches in the vicinity of any
location where a full match has already been found.

The ef ciency of the truncated approach to the BHMT can baestted within a factor of two or
so, depending on implementation details and the hardwanemBst locations of the template(s),
the match will fail on the rst line, requiring about 10 maalki instructions (MIs). Suppose on
average that 20 Mls are required for each location. A 400 MIPS machine can then match
20 million positions/second. For a document image wherevéngcal location of text baselines
is known within  pixels, and where the textline width is 2000 pixels, matciresrequired at
10,000 positions for each textline. For a full page with 54ltees, the matching time is about 25
milliseconds.

3.3 Use of truncated rank BHMT

The matching operation of the rank BHMT, performed in a tated fashion and only on a small
subset of image locations, can be used to build an ef cienG2Bencoder for binary images.
JBIG2 is a lossy encoding where similarly-shaped connemtetbonents are replaced by a single
representative template and a set of locations in the imdggaenhis template is to appear. The
JBIG2 standard speci es the le format, but not the encodiethod.

The basis of the JBIG2 encoder is an unsupervised clustprowgdure, including the shape-
matching algorithm. Consider a two-pass method, where rtiege is pre-segmented into 8-
connected components. In the rst pass, each componentimieed sequentially to determine
if it is suf ciently similar to the representative of an ekigg class, and if not, it becomes the rep-
resentative of a new class. The comparison is done usinghedted version of the rank BHMT,
where both the template and the image component to be cothpaeeof comparable size. To
reduce computation, it is preferable to evaluate the matgistione relative location of template
and image. This location can be chosen by aligning the ceistiaf the two images[10]. With
the rank BHMT, the FG and BG of the image are dilated and the {385 of each template of
similar dimensions are tested in a truncated way, as destibSec. 3.2. Two thresholds, for FG
and BG outliers, are set for each template. A template isidered to match an image component
if both the FG and BG outliers fall below their thresholdsmibre than one template matches an
image component, the one with the smallest number of ouilials (i.e., the best t) should be
used.

Once the initial clustering is made, the instances withicheguster are combined, by again
aligning the centroids, to make a less noisy template. Ttesplates are then used for the second
pass. All image components are sequentially compared Wwigmew templates, and the best t
is chosen. If an image component does not match any temtleggeysed as the template for a
new class, as in the rst pass. The amount of image distarpooduced by the substitution of
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the templates for each instance in the class, is controlfegtido blur size and the thresholds. The
advantage of the rank BHMT over the rank Hausdorff is eviéena the second pass, where the
template noise is much less than the noise in the image coemp®nAs we have seen previously,
small salt and pepper noise in the image components is rehimyvthe dilations, so the thresholds
can be set lower for rank BHMT than for rank Hausdorff.

4 lllustrative results for BHMT

In this section, the use of the BHMT for matching image chimads brie y explored. A number
of parameters can be varied independently: the FG and BGoblire image, the and grid
subsampling of the template, and scale reduction of botlyénaad template.

Figure 8 Gridded FG templates, for (, ) varying from (1,1) in the upper-left
template to (5,5) in the lower-right template. Grid spacingincreases
toright;  increases downward.

To demonstrate the effect of blur and template gridding,restaince of the character “a” is
chosen at random from the image at the top of Fig. 9, and isasojpled on a regular grid. A set
of 25 gridded FG templates is shown in Fig. 8, where thesubsampling increases to the right
(from 1 to 5), and the subsampling increases downward. There is another setlfoairng for
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Figure @ Top: Example image. Bottom: characters matched by the BHMT f
the templates in Fig. 8 (and the BG templates as well) hava hagh-
lighted.
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Blur 2,2 Blur 3,3 Blur 4,4 Blur 2,4 Blur 2,5 Blur 4,2

nmiss| nfp | nmiss| nfp || nmiss| nfp || nmiss| nfp || nmiss| nfs | nmiss| nfp
1)1 84 0 19 0 4 0 8 0 4 0 83 0
1|2 80 0 10 0 0 32 1 0 1 0 77 0
1] 3 71 0 16 0 4 0 6 0 2 0 68 0
1|4 65 0 16 0 4 1 4 0 0 0 64 0
2|1 80 0 5 0 0 1 0 0 0 0 79 0
2|2 70 0 1 1 0 74 0 0 0 0 69 0
2|3 54 0 4 0 0 11 0 0 0 0 53 0
2 | 4 46 0 4 0 0 54 0 0 0 0 46 0
3|11 65 0 1 0 0 15 3 0 3 0 61 0
312 47 0 0 0 2 130 0 0 0 0 43 0
313 55 0 0 1 0 150 0 0 0 5 51 0
3| 4 14 0 0 31 13 | 328 0 0 0 33| 14 | 16
4 11 39 0 0 0 - - 4 0 4 0 34 0
4 | 2 0 0 0 32 - - 0 0 0 3 0 168
4 1 3 16 0 0 21 - - 1 0 1 6 9 100
4 | 4 1 0 6 193 - - 0 0 1 45| 11 | 609

Table T Use of BHMT to identify 88 instances of the character “a”,nga tem-
plated derived by subsampling one of those instances. Kbiofehis
size and thickness, the most stable region for matches liswith pa-
rameters near FG and BG blurs and and grid spacings

. For each set of FG/BG blurs, the numbers of misses
and false positives are given for different grid spacings.

the BG templates. In the upper image in Fig. 9, there are 88noss of the character “a”. These
are highlighted in the bottom image, having been identi gclklBHMT using the blur parameters
and grid spacings . With this combination, as with several others,
all instances were identi ed and no false positives werantbu
Results for ve combinations of FG/BG blur factors and sedtigyrid subsamplings are shownin
Table 1. For each blur factor pair, the numbers of missesalsd positives are given. For example,
the two columns labeled “Blur2,4” used . With strict matching parameters ( ne
gridding, small dilation) there are no false positives asthai cant number of misses. A few false
positives are seen for Blur3,3, particularly for larger With Blur4,4, the number of false positives
is signi cantly increased; this amount of dilation removks differentiation of the “a’s from other
similar characters. A few intermediate combinations seded in nding all occurrences without
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any false positives. As seen from Table 1, the optimal waykiegion is near the parameters
and :

When FG and BG blur are not equal, there is an asymmetry indbelts. Table 1 shows
particular combinations, where the BG blur is larger tham B& blur, that give good matches.
When FG blur is larger, as for Blur4,2, there are typicallyrenmisses and more false positives.
The asymmetry exists because the image has large solid adeiés that can give false positive
matches to all BG templates; consequently, excessive EBatilcontributes signi cantly to these
errors.

When matching multiple characters in a font and size, amuapti pair of FG and BG blur SEs
can be chosen, and the template grid spacings can be indilidaptimized for each character,
including use of different grid spacings for FG and BG tertgga The BHMT exhibits signi cant
immunity to random noise. For example, when random noisbeabhe percent level shown in
(b) of Fig. 2 is added to the image, the numbers of missed ded fmsitive characters from the
BHMT are not signi cantly changed. The BHMT is typically mocomputationally ef cient with
coarser grid spacing, particularly in the y-direction.

S5 Summary

Translationally invariant methods for pattern matching@anned document images have no de-
pendencies on pixel connectedness in either the image @ia&gn We have focused on the most
ef cient techniques, that require only boolean operatiohBe basic operation, the HMT (which
should be called the H&nd-Miss transform!), is maximally sensitive to noiseldathFG and BG.

Fortunately, there are ways to increase the noise immuhttyedHMT. For extensions that use
only boolean operations (as opposed to linear convolutnohrank order lters), and considering
the nature of binary pixel noise in both images and templateshave argued that the BHMT is
the best choice.

Considerable attention was devoted to distance metri¢cs#mabe derived from (special cases
of) the BHMT. We began with the well-known relation betweba Hausdorff metric and blurred
template matches, and derived similar metrics for the BHMs distance provides a measure of
the goodness of t of the template at every location in thegenaComparing the Hausdorff and
BHMT mechanisms of action on noisy document images, we stdawe (1) the bi-directional
symmetry of Hausdorff is problematic and (2) the uni-dil@tal but FG/BG-symmetric BHMT
provides immunity to both boundary and random pixel noise. ifuitive presentation of these
differences is a primary goal of this paper.

We also showed how the BHMT* metric can be derived in the gralgsregime starting with
distance functions for the FG and BG image. For most seitgjtiwe choose an 8-connected
asymmetric function that is generated in one raster scamna@neiments the distance to the South
and East. These distance functions are then dilated witk@and BG templates, and combined
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using the pixelwise Max operator.

The BHMT is useful for binary document image pattern matgtiasks. We have shown the
results of an experiment on pattern matching for characterglustrate the effects of FG and
BG blur, and of regular subsamplings of the templates. Regyidding of the templates gives
far better results than using random subsets, for the saméerof elements chosen. We also
discussed methods for truncating the matches; this is mwek ef cient than using full erosions
at every location. These truncation methods are also agtpédo rank operations, which can be
designed to have fewer matching failures than the BHMTfitsel
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