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Abstract

Image anchor templates are used in document image anal-

ysis for document classification, data localization, and other

tasks. Current tools allow human operators to mark out small

sub-images from documents to act as anchor templates. How-

ever, this requires time, and expertise because operators have

to make informed decisions based on behavior of the template

matching algorithms, and the expected degradations patterns

in documents. We propose learning templates for a task au-

tomatically and quickly from a few training examples. Doc-

ument classification or data localization can be done more

robustly by combining evidence from many more discriminat-

ing templates (e.g., hundreds) than would be practicable for

operators to specify.

1 Introduction
Template matching techniques for images have

been widely used for object recognition and localiza-
tion. Tauschek’s “Reading Machine” applied template
matching for character recognition [13]. Eight decades
later a textbook on template matching in computer vi-
sion was just published [2]. In document image analy-
sis, template matching has been used heavily in optical
character recognition, layout style matching, image reg-
istration (e.g., by locating fiduciary marks), document
type classification, logo detection, and locating anchor
points for data extraction. Image templates find favor
in many industrial document image analysis solutions
because they are easily visualized, and fast matching
algorithms are available.

We focus on two applications of template matching:
doctype classification and field localization for data ex-
traction. In doctype classification, each document cat-
egory is characterized by one or more templates that
match images of that category. Detection of the tar-
get category is then accomplished by voting or some
combination of the results of template matching on new
images. In data extraction from forms, data fields are
located by first finding templates describing the fixed
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(c)

Figure 1. Data extraction with learned IATs. (a)
An operator marks a field of interest in a few ex-
ample images by dragging rectangles. (b) IATs
are learned automatically to localize the upper left
corner of the desired field. (c) A composite of 40
learned IATs are applied to locate the field in new
forms.

form content. Such image anchor templates (IAT) can
also be used for form registration and skew correction.
Typically IATs are designed by human operators by
carving out small image regions that can be used as
templates. Robustness is achieved by relying on mul-
tiple templates. However, picking the best templates for
a given job is both labor and skill intensive. Operators
must learn, over time, the nuances of document degra-
dation types and behavior of template matching func-
tions. Still the most salient parts of images are not nec-
essarily the most discriminative or informative for the
task at hand - so operators have to revise their intuition
based on empirical tests.
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Figure 2. Two learned templates to detect Form
1040 (page 1) automatically learned from a few

ity score in red font.

pose automatic learning of templates for a given task
from image data. Figures 1,2 illustrate the results of
our approach on the two tasks. All shown examples

izing templates ranked by quality scores shows us that
seemingly similar templates can be very different scores
countering initial intuitions.

2 Template matching algorithms

Many different template matching schemes can be
found in image processing textbooks. Most well known

weighting schemes are also known to account for
degradation patterns, correlations, and discriminative

other form of fast pattern matching for localizing words

nique specifi cally designed for document images was

rigid transformations of images [1, 14], but are more

ment image analysis. A learnable deformable template

search is in matching images not on the basis of rigid
shape but by other aspects of appearance e.g., texture.
Local histogram based matching techniques are likely
to be very useful here [7].

For our work, we chose to use the effi cient Hausdorff

rithms should work unchanged for any form of template
matching such as the ones mentioned above.

3 A generic defi nition and notation
In order to facilitate further discussion we start with

a few notations and defi nitions. Traditionally animage
anchor template is a small image, so that we can look
for matches in a target image under a set of valid
transformations

mations. We generalize this concept to defi ne an image
anchor template as a function where
is a valid transformation, and is the
score of the template to the image transformed by

nience, we shall treat and as functions themselves.

old to produce a boolean template detection function
.

This defi nition is general enough to incorporate
a wide variety of anchor templates including image

mations are restricted to translations within a region of
interest (ROI), and the matching function is provided by
the effi cient Hausdorff Matching algorithm [4].

Composite templates:
plates

tiple templates as a feature. We have explored two other
kinds of composition. For document classifi cation, we
use the match scores from a collection of templates
as features, and use an Adaboost [3] classifi er output

use a simple weighted average of location predictions

dreds of automatically learned templates in this way

cidental (degradations) and by design (multiple variants
of same form.)

4 Learning image anchor templates
4.1 Template Scoring

For any given task, some templates are better than
others. Any image together with a matching function
can be used to construct an IAT. But not all such IATs

ages from other documents. Further, given any template
image, different matching (or detection) functions will
return different results on the same set of target images.

When documents are rigidly formatted (such as

match other similar images. Current tools allow human

dicator templates for a category. However, picking the
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best templates is not an easy task – experienced opera-
tors understand quirks of template matching functions,
as well as those of document degradation patterns. Even
more difficult is to find templates that are not likely to
fire on exemplars of a different category. This is espe-
cially true if documents to be considered have fixed and
variable parts, and some parts may be shared by mul-
tiple categories. For example, the same company logo
may be a very salient feature on different forms, letter
heads, and invoices. Since the discriminative power of
an IAT is essentially one to be estimated empirically, it
would be useful to have an automated way to rank tem-
plates based on their discriminative power.

Supervised discriminative quality: Let positive exem-
plars be a collection of document images that we expect
an IAT to match, and negative exemplars be a collec-
tion that ought not be matched by a template. For any
anchor template A, we can compute m for all the ex-
emplars, and the ROC curve by varying the acceptance
threshold q in d(I; q). We then compute the following
quality-score for the template and matching function s
as:

s(A; α) = bestROC(A; α) + areaROC(A) + margin(A)

Here areaROC(.) is the area under the ROC curve,
and for a relative false alarm penalty of α,
bestROC(A;α) = maxq(hit(q) − α · falseAlarm(q)).

If a template detection function d(A; q) perfectly
discriminates between positive and negative exemplars
then both bestROC(.) and areaROC(.) are 1. Among
all such perfectly discriminating templates, we would
prefer (assign higher quality to) those with higher mar-
gins. The margin is defined as the difference between
the smallest matching score for a positive exemplar and
the largest matching score for a negative exemplar. Fol-
lowing the definition of matching scores, the largest
possible margin is 1.0. Hence our empirical supervised
template quality score is zero at worst and 3.0 at best.

Empirical one-sided repeatability quality: In the
above, positive and negative classes are symmetric with
respect to the template matches, i.e., templates simply
needed to be discriminative. But we assert that tem-
plates must match positive exemplars and not match
negative exemplars. This enables us to discard many
candidate templates after testing them only on positive
exemplars, thus speeding up the search.

We measure this one-sided match quality by

o(A = (m, t)) =
X

I∈ωP

p(ωP |m(I))

where ωP and ωN denote the positive and negative
categories respectively. Each probability on the right-
hand side is computed using Bayes’ rule with equal pri-
ors starting from the following formulae: p(m(I)|ωP ) ∝
e−λP ·m(I), and p(m(I)|ωN ) ∝ e−λN (1−m(I)). The param-
eters λ can be trained, but for space considerations we

restrict ourselves to λP = 1, λN = 10 giving the nega-
tive category a flatter distribution.

Empirical one-sided anchoring quality: For anchor-
ing (localizing) data-fields in a data extraction task,
we would like a good template to be repeatable (high
match-scores when field is present), discriminative (low
match-scores when field is absent), and highly predic-
tive of the field location (anchoring power). Ignoring
discriminability for now, we combine repeatability, and
anchoring power into a single quality score:

oa(A) =
X

k

p(ωP |m(Ik)) ∗ e
P

j<=k(xk−uk)2/k

where Ik are images in the positive category, with the
index k such that the images are sorted in decreasing
order of m(Ik).

4.2 Exploring candidate templates

With the above setup in place, our template learning
algorithm for a given task comprises of generating many
template candidates, ranking them according to the ap-
propriate metric, and retaining the top few (for example
the top 200 templates per category for document clas-
sification.) These templates can then be used to form
composite templates for the classification or data ex-
traction task.

Figure 3. Schematic of the algorithm for finding
the best anchoring templates. Sections marked
by asterisk (*) indicate optional stages that be left
out or expanded even further to explore if slight
alterations would yield better templates.

Let us take, for example, the classification of struc-
tured form images. Any small sub-image from a pos-
itive exemplar can be used to form an IAT. However,
for even modest sized training sets, the number of such
sub-images is prohibitive. The challenge is to limit the
search space effectively. We do this by controlled it-
erative expansion and refinement of a list of candidate
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templates. We first limit our search to templates formed
from sub-images of a single randomly picked positive
exemplar (grid-based sub-image generator.) These can-
didates are then applied only to a few positive exem-
plars, and ranked according to the one-sided repeatabil-
ity metric. Only the top templates are used as seeds to
obtain new candidates by perturbation of the template,
and transitive exploration. In the latter, for each can-
didate template, we introduce as competing candidates
sub-images carved from around good match-locations
in other images. The idea is that these candidates are
all similar, but slightly different (for example, one may
have less noise or extraneous marking than another) and
potentially better than our initial candidate. Another
way to expand candidate templates is to start the process
anew, with positive exemplars that are not matched by
the latest short-list of template candidates. This helps
us cover multiple variants of documents in the positive
category. Clearly some of these techniques are unique
to image templates, others are applicable to the generic
template definition. The strategy for learning templates
for data anchoring is similar (Figure 3.)

5 Experimental validation
We have implemented the anchor template learning

system in Java, and this has been tested on a couple of
document categorization tasks. For fixed format doc-
ument categories, such as in the case of NIST forms,
the system can learn discriminating templates from as
few as two or three exemplars per form category. Hu-
man identification of IATs is time consuming, but auto-
matic template learning allows us to identify, and apply
hundreds of templates per category for both document
classification and data anchoring. Combining evidence
from a large number of templates results in robust per-
formance, even with little training data. Trained on 3-5
exemplars per form category, we get perfect classifica-
tion of the entire NIST data set. On a private data set
(also thousands of documents) with more unstructured
image categories (such as hand-written notes) we notice
that IAT based document classification provides 100%
precision at >95% recall rates for fixed-form categories,
while other categories are reliably rejected. While this
is expected from IAT based systems, the biggest gain
is that automatic training takes only 20 seconds to a
few minutes per category, whereas experienced opera-
tors report taking up to a few days to setup for the same
classification task because of necessary trial and error
runs.

Similarly in our prototype data extraction applica-
tion on NIST forms, it is sufficient for the operator to
identify five to ten exemplars of a field of interest, be-
fore the system learns and continues the task automati-
cally and robustly (again based on tens of automatically
learned templates) on hundreds of forms of the same
kind. In our setup, each matching template predicts

the location of the field, and the average of these pre-
dictions weighted by the match-score is the composite
prediction. We declare failure on a document if there
is high variance among the individual location predic-
tions. Since we combine evidence from many tem-
plates, the system is quite robust, and the few failures
we observed among hundreds of forms were fixed when
we increased the range of valid transformations for each
template. This increased learning and data localization
times, but still several pages can be processed per sec-
ond.
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