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1 Introduction
Horizontal and vertical rulings (or rules) are prevalent in
bureaucratic forms, tables, schematic diagrams, organization
charts, music scores, and engineering drawings. In some
applications, the configuration of such isothetic rulings can
serve as a signature for a family of similar objects. While the
ruling configuration is generally obvious to a human
observer, extracting it from a bi-level scanned document
and representing it in a format useful for classification
often encounters the following difficulties:

• Spurious lines may appear due to alignment of nonrul-
ing document components.

• Rulings may disappear because of inadequate spatial or
amplitude quantization.

• Copied and scanned images may be subject to arbitrary
translation, rotation, and scaling.

Selectivity for rulings over spurious lines is promoted by
simultaneous extraction of the largest set of mutually parallel
or perpendicular lines. The desirable geometric invariance
can be secured by using ratios of distances between rulings
rather than their locations within the image. The effect of
missing lines can be alleviated by turning the sequence
of ratios into a symbol string and measuring the similarity
of ruling configurations with an edit distance. We have
already demonstrated form classification based on these
notions on a small dataset. The objective of this report is
to provide some analytical support for the method.

In the next section, we review relevant prior work. In
Sec. 3, we derive an approximation to the probability of
error in ruling detection. Section 4 addresses the minimum
number of ratios required to preserve the ruling configura-
tion. Section 5 quantifies some effects of positional noise
due to insufficient foreground pixels and to random-phase
spatial sampling. For the sake of completeness, in Sec. 6,

we briefly review our earlier experiment on form classifica-
tion based on ruling gap ratios. In Sec. 7, we summarize our
findings and list the remaining obstacles to developing a
truly satisfactory predictive theory of ruling-based form
classification.

2 Prior Work
Line segment recognition has been steadily improved during
the last three decades as part of table interpretation,1–4 form
processing,5–9 engineering drawing analysis,10–13 and feature
extraction from natural images.14 Analysis of historical
forms15,16 became popular even as most contemporary forms
migrated to the Web. The Hough transform that we use for
line location has remained one of the leading methods for
line and arc extraction since its rediscovery by Duda and
Hart in the early 1970s.17 It does not require edge linking
and is, therefore, often preceded only by edge extraction
with the venerable Prewitt filter18 or other (Sobel,
Roberts)19 3 × 3 pixel edge filters. The Hough transform was
recently used with parameters similar to ours, but with a
Canny filter, for strong line detection in a more general docu-
ment analysis context.20 We have found neither research
addressing the extraction and quantification of rectilinear
rule structures independently of other document content,
nor prior application of orthogonal line filtering to Hough
lines or skew detection.21

Our interest in spatial sampling noise was triggered by
peaks in the autocorrelation function corresponding to oppo-
site stroke edges in scanned character images.22 The variation
(noise!) due to repeated scanning was exploited by Zhou and
Lopresti to decrease the optical character recognition (OCR)
error.23 Random-phase sampling noise was systematically
investigated in remote sensing24,25 and in scanned docu-
ments,26 but pixel jitter is usually modeled as if it were in-
dependent random displacement of sensor elements.27 The
relationship between spatial and amplitude quantization in
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document scanning for OCR was explored thoroughly by
Barney Smith.28

Levenshtein introduced the edit distance for error-
correcting codes in 1965.29 The optimal Wagner-Fischer algo-
rithm was published a decade later.30 Many variations of
the original algorithms have appeared since then.31–34 The
role of the edit distance in communications and text process-
ing was augmented by its application to genome sequencing.
Developments relevant to document image analysis include
normalization methods35 and kernel techniques for embedding
the edit distance in a vector space.36 The public-domain EDIT
DISTANCE WEIGHTED program that we use was posted in
2010 by Schauerte and Fink.37

The current study was initiated during a phase of the
multilingual automatic document classification and transla-
tion (MADCAT) project38 aiming to categorize a small sub-
set of the collection of Kurdish documents recovered during
the Anfal uprising.39,40 The Hough transform parameters and
preliminary results on the classification of some degraded
forms were presented at the 2014 SPIE conference on docu-
ment recognition and retrieval41 and some of the analysis at
the 2014 workshop on statistical, structural, and syntactic
pattern recognition.42

3 Ruling Selection
The rules are selected in five simple steps. An example of the
result is shown in Fig. 1.

1. Extract near-horizontal line segments (those within θh
degrees of the horizontal axis).

2. Extract near-vertical line segments (those within θv
degrees of the vertical axis).

3. Add 90 deg to the angle of near-horizontal lines.
4. Histogram all angles into N bins.

5. Keep only lines with slope within one-half bin-width
of the centroid of the peak bin.

The θh and θv thresholds depend on the maximum
expected skew. We usually set them at 30 deg. After Step 3,
all the lines are “near-vertical.” The number N of histogram
bins is not critical: we use 20 bins of one degree and two
infinite-width bins on either side. The histogram typically
contains 80 to 100 lines, of which 3 to 30 may be horizontal
rulings (∼30 for a form with writing lines for every entry),
and 3 to 6 vertical rulings. The rest are “spurious” rulings
engendered by accidental alignment of edge pixels. Let
the total number of true rulings be R, and the number of spu-
rious rulings be S, with S > R. If all R rulings fill into a sin-
gle bin and if none of the other bins contain more than R − 1
spurious rulings, then rule selection succeeds. What is the
probability that the rule selection (and the corresponding
skew determination) fails?.

We assume, optimistically, that the spurious lines are
independently and randomly distributed with uniform slope
probability. Then, the most probable failure configuration is
R spurious rulings falling into some bin other than the true
rulings’ bin, and all the other S − R spurious rules falling
into separate bins, as shown in Fig. 2. There are

ðN − 1Þ
�
N − 2

S − R

�

equally likely configurations. All other failure configurations
are at least OðNÞ times less probable.

Once the configuration is fixed, the probability of R spu-
rious lines in one bin with each of the other (S − R) lines in a
separate bin is a multinomial. A spurious line falls into any
bin other than the rulings bin with probability 1∕ðN − 1Þ.
Therefore, a tight lower bound on the selection error is

Fig. 1 Horizontal ruling lines from a skewed and noisy death certificate, extracted by ortho-filtering.

Fig. 2 Most likely configuration for error in rule selection for N ¼ 20, R ¼ 6, and S ¼ 12.
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Pðfalse maxÞ> PeR

¼ ðN−1Þ
�
N−2

S−R

��
S

R;1;1; : : : ;1

��
1

N−1

�
S

¼
�
N−2

S−R

�
S!
R!

�
1

N−1

�
S−1

:

As seen from Table 1, PeR for R ¼ 6, S ¼ 12 is over 200
times less than for R ¼ 3, S ¼ 6 (for N ¼ 20 bins). Hence,
the striking advantage of combining the horizontal and ver-
tical lines for ruling selection, especially when rulings are
sparse. The assumption of independent and identically dis-
tributed (i.i.d.) angle distribution of the nonruling lines is,
however, questionable. Furthermore, the number of bins
(N) cannot be arbitrarily increased because the limited num-
ber of pixels constituting a ruling precludes precise estima-
tion of its radial and angular coordinates.

The probability of any specific configuration of S indis-
tinguishable lines in N 0 ¼ N − 1 indistinguishable bins can
be exactly computed via the sequence of conditional prob-
abilities of generating a new configuration by adding a line to
an existing configuration. (The usual terminology is balls
into boxes, bins, or urns).

Let PS½M0;k0 ; M1;k1 ; : : : ; Mi;ki ; : : : ;MS;ks � denotes the
probability of a histogram with k0 empty bins. k1 bins
with 1 line, k2 bins with 2 lines, and so on. There are S ¼
Σjðj × kjÞ lines altogether. The number of possible configu-
rations, or partitions of S, is given by Sloan A00041 (OEIS)
as 1, 1, 2, 3, 5, 7, 11, 15. . . The probabilities of nonzero bin
occupancies, for S from 0 to 3, are

P0½M0;N 0 � ¼ 1;

P1½M0;N 0−1;M1;1� ¼ P0½M0;N 0 � × 1;

P2½M0;N 0−2;M1;2� ¼ P1½M0;N 0−1;M1;1� ×
ðN 0 − 1Þ

N 0 ;

P2½M0;N 0−1;M2;1� ¼ P1½M0;N 0−1;M1;1� ×
1

N 0 ;

P3½M0;N 0−3;M1;3� ¼ P2½M0;N 0−2;M1;2� ×
N 0 − 2

N 0 ;

P3½M0;N 0−2;M1;1;M2;1� ¼ P2½M0;N 0−2;M1;2� ×
2

N 0

þ P2½M0;N 0−1;M2;1� ×
ðN 0 − 1Þ

N 0 ;

P3½M0;N 0−1;M3;1� ¼ P2½M0;N 0−1;M2;1� ×
1

N 0 :

The exact probability of skew detection error can be cal-
culated. For R ¼ S, the bound is exact. With S ¼ 6, the
bound underestimates the error for R ¼ 3 by 19.4%, for R ¼
4 by 7.6%, and for R ¼ 5 by 0.9%. For N ≫ S, the error
decreases as OðR−1Þ, with the constant of proportionality
governed by S.

An asymptotic approximation43 of interest in load balanc-
ing of servers without central control and in estimating
linked-list lengths from collisions in hashing states that, for
S ¼ N 0, the expected maximum bin occupancy is E½kmax� →
½ln N 0∕ lnðln N 0Þ�; ½ln 19∕ lnðln 19Þ� ≅ 2.73. This suggests
that conflicting configurations with more than three spurious
lines in a bin are unlikely even with S ¼ N 0. In contrast to
our bound, this equation offers no way of estimating the
probability of error for R > ln N 0∕ lnðln N 0Þ. For N 0 ¼ 19
and S ¼ 6, the exact conditional probability computation
yields E½kmax� ¼ 1.64.

4 Ruling Gap Ratios
If the configuration of rectangular rulings is to be used as a
signature for a family of documents, then it is essential to
circumvent the effects of arbitrary and unknown translation,
rotation, and scaling that may occur while copying and scan-
ning the documents. The perpendicular distance (i.e., the dif-
ference of ρ-coordinates) between a pair of parallel lines is
invariant under translation and rotation, but not under scal-
ing. However, the ratio of the perpendicular distances
between rulings is invariant under all three transformations.
(It is, in fact, invariant under a generalized affine transforma-
tion, which includes nonisotropic scaling and shear.).

In this section, we consider only one set of parallel lines.
The results apply to both the near-horizontal and the near-
vertical rulings. Information from the two sets of parallel rul-
ings can be combined during the form classification phase.
We make use only of the Hough ρ-coordinates, which are
estimated from all the edge pixels of the ruling. The length
and lateral position of the rulings often cannot be accurately
determined because they depend only on a few end pixels.

Let ρa, ρb, ρc, and ρd be the radial coordinates of four
arbitrarily selected parallel rulings La, Lb, Lc, and Ld.
Consider all RðR − 1Þ∕2 pairwise distance ratios of the
form ðρa to ρbÞ∕ðρc to ρdÞ. How many of the possible ratios
are required to characterize the disposition of R parallel
rulings?

Let the extracted rulings, sorted according to their ρ coor-
dinates, be L0; L1; : : : ; Lk; : : : ; LR, with ρk < ρkþ1. Define
basis ratio γi ¼ ðρiþ2 − ρiþ1Þ∕ðρiþ1 − ρiÞ. Then, any pair-
wise inter-ruling distance ρs − ρt can be written in terms
of the first pair of rulings and the basis ratios γi as

Table 1 Dominant term of the probability of false maxima in the angle
histograms. The bold values show the advantage of doubling R and S.

N R S PeR (%) N R S PeR (%)

20 3 3 0.27701 40 3 3 0.065746

20 3 6 3.95461 40 3 6 1.122005

20 3 9 6.61081 40 3 9 3.119688

20 3 12 3.33205 40 3 12 4.099149

20 6 6 0.00004 40 6 6 1.11E − 06

20 6 9 0.00242 40 6 9 7.94E − 05

20 6 12 0.01060 40 6 12 0.000579

Journal of Electronic Imaging 063011-3 Nov∕Dec 2014 • Vol. 23(6)

Nagy: Invariant representation for rectilinear rulings



ρs − ρt ¼ ðρ2 − ρ1Þ × γ1 × γ2 × : : : :

× γt−1ð1þ γtf1þ γtþ1½: : : ð1þ γs−2Þ�gÞ:

The γi terms on the left account for the rule-to-rule dis-
tances up to ρt, and the (1þ γi) terms on the right for the
inter-rule gaps from ρt to ρs. Therefore, any pairwise ratio
can be expressed in terms of only the basis ratios as

ρs − ρt
ρu − ρw

¼

γ1 × γ2 × : : : × γt−1ð1þ γtf1þ γtþ1½: : : ð1þ γs−2Þ�gÞ
γ1 × γ2 × : : : × γw−1ð1þ γwf1þ γvþ1½: : : ð1þ γu−2Þ�gÞ

:

This means that the order and relative location of any set
of rectilinear lines can be captured by two basis-ratio sequen-
ces ΓH and ΓV. If, for example, the near-horizontal rulings
have ρ-coordinates [120, 234, 890, 1242, and 1600] and the
vertical rulings [210, 300, 540, and 890], then the corre-
sponding sequences are

ΓH ¼ ½ð890 − 234Þ∕ð234 − 120Þ; ð1242 − 890Þ∕
ð890 − 234Þ; ð1600 − 1242Þ∕ð1242∕890Þ�

¼ ½5.75;0.54; and 1.02�;

ΓV ¼ ½ð540 − 300Þ∕ð300 − 210Þ; ð890 − 540Þ∕ð540 − 300Þ�
¼ ½2:67;1:46�:

For full-page rulings, the edges of the page (if detectable)
can be included to ensure a minimum of three rulings of
either orientation. A form with fewer rulings would not
be much of a form in any case, but the null sequence is
admissible for symbol matching.

5 Noisy ρ Coordinates
The location of the rulings is subject to at least two kinds of
uncertainty. The first is caused by the limitation of precise
location estimation from a finite number of pixels. The sec-
ond is the inevitable random-phase spatial-sampling noise.
We also observed variability due to the fact that forms
from different print shops, or even from the same printer
but different press runs, may be printed with slightly differ-
ent settings. We have not, however, seen enough instances of
multisource variability to attempt to model it.

5.1 Measurement Error
We compute the effect on the ruling gap ratios of i.i.d.
Gaussian noise on the ruling locations ρi. The effect of
this noise on the gap between two rulings is additive. We
assume that the noise on a ruling at ρi, is εi ¼ Nð0; σ0Þ,
where σ0 ≪ ρiþ1 − ρi (i.e., the variability is much less than
the length of the gap). Therefore, the ruling gap in the numer-
ator of a basis ratio can be considered a Gaussian random
variable X ¼ ðρiþ2 þ εiþ2Þ − ðρiþ1 þ εiþ1Þ distributed
according to Nðμ; σÞ, where μ ¼ ρiþ2 − ρiþ1 and σ2 ¼ 2σ20
(the variances of the independent noise variables at the ends
of the gap add). The variable in the denominator of the ratio
is Y ¼ ðρiþ1 þ εiþ1Þ − ðρi þ εiÞ, distributed according to

Nðη; σÞ, where η ¼ ρiþ1 − ρi because adjacent gaps that
share a ruling perturbed by εiþ1, X and Y are correlated.

The distribution of the ratio of two correlated Gaussian
variables is notoriously difficult to calculate because it
requires several numerical integrations. We, therefore, use
the approximation developed by Hinkley that guarantees a
low error for our conditions.44 To apply Hinkley’s approxi-
mation, we must first derive the correlation coefficient ρX;Y
linking the numerator and the denominator of the basis ratio.

E½XY�¼Ef½ðρiþ2þiþ2Þ− ðρiþ1þiþ1Þ�½ðρiþ1þiþ1Þ− ðρiþiÞ�g
¼E½ðρiþ2−ρiþ1Þðρiþ1−ρiÞ�−E½εiþ1εiþ1�¼σ20.

Then ρX;Y ¼ cov½X; Y�
std½X�std½Y� ¼

E½XY� − E½X�E½Y�
std½X�std½Y�

¼ μη − σ20 − μη

σ2
¼ −

1

2
;

because εi and εj are independent if i ≠ j.
Now let W ¼ X∕Y. Then, the approximate CDF, pdf, and

a bound on the approximation are

f�ðwÞ ¼ bðwÞdðwÞffiffiffiffiffi
2π

p
σ2a3ðwÞ ; F�ðwÞ ¼ Φ

�
ηw − μ

σ2a2ðwÞ
�
;

jFðwÞ − F�ðwÞj ≤ Φ
�
−
η

σ

�
;

where Hinkley’s equations simplify, because the variances of
X and Y are the same, to

aðwÞ ¼ 1

σ
ðw2 þ 2ρX;Y þ 1Þ1∕2;

bðwÞ ¼ 1

σ2
½μw − ρX;Yðμþ ηwþ η2Þ�;

c ¼ 1

σ2
ðμ2 − 2ρX;Yμηþ η2Þ;

dðwÞ ¼ exp

�
b2ðwÞ − ca2ðwÞ
2ð1 − ρ2X;YÞa2ðwÞ

�
:

The error of approximation is the probability that the
denominator is less than zero, which in our case is very
small for values of σ0 ≪ η ¼ ρiþ1 − ρi. Figure 3 shows
the probability density function f � ðwÞ and the cumulative
probability distribution function F � ðwÞ for values of μ ¼ 8,
η ¼ 24, and σ ¼ 1 and 2, respectively (plotted at 0.05 inter-
vals of w). Further exploration of the parameter space shows
that for a fixed value of ðμþ ηÞ and of σ, the ratio of the
standard deviation to the mean of the ratio is least
when μ ¼ η.

5.2 Random Phase Sampling Error
The precise quantification of gap ratios, like that of all image
features, is also hampered by the random-phase noise
induced by the arbitrary placement of any document with
respect to the scanner’s or camera’s sensor array. This
noise can be reduced, but not eliminated, by increasing
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the spatial sampling rate. Fortunately, the estimation of the
variability of one-dimensional features (Fig. 4) like length is
much simpler than that of two-dimensional features like
area.26

The distances between rule edges are quantized to integer
values by scanning. Consider gaps of length L1 and L2

sampled at δ-length intervals in Fig. 4. After sampling, L1

will be of length bL1∕δc or bL1∕δc − 1, and L2 will be
bL2∕δc or bL2∕δc − 1. (Gap length is the number of back-
ground pixels minus 1). The ratio can take only one of three
values, with their probabilities given as follows:

ProbðbL1∕δc − 1Þ∕ðbL2∕δcÞ ¼ L1 mod δ;

ProbðbL1∕δc − 1Þ∕ðbL2∕δc − 1Þ
¼ 1 − ðL1 mod δþ L2 mod δÞ;

ProbðbL1∕δcÞ∕ðbL2∕δc − 1Þ ¼ L2 mod δ:

In the worst case, (when, L1 mod δ ¼ L2 mod δ ¼ 1∕2),
the three possible values occur with probabilities of 0.25,
0.50, and 0.25. If random-phase sampling noise changes
the mapping of any ratio to a symbol (Sec. 6), then identical
rule configurations will result in different symbol strings and,
therefore, in a nonzero edit distance between them. This is
likely only for gaps of a few pixels.

6 Ratio Quantization, Edit Distance, and
Classification

This paper focuses on the analytical developments of Secs. 3,
4, and 5, and it contains no new experimental results. In this
section, we merely review a single experiment that was
already presented in more detail.41,42

The pairs of sequences of horizontal and vertical ruling
gap ratios of a set of noisy binarized forms were quantized
and mapped into strings of symbols. The forms were then
classified into preset classes by comparing the symbol strings
of unknown forms with the symbols strings of reference
forms from each class.

6.1 Logarithmic Ratio Quantization
Uniform quantization of the ratios—for edit distance compu-
tation—would map the prevalent near-unity ratios into few
symbols. Logarithmic mapping of gap ratios to string sym-
bols flattens the resulting symbol probability distribution.
Therefore, the gap ratios γ are mapped into N bins k of
size increasing away from that of the central bin for unity
ratio:

k ¼ Fðγ · K;NÞ

¼ min

�
max

�ðlog10 γ þ KÞðN − 2Þ
2K

þ 1; 1

�
; N

�
:

The parameters N and K govern the logarithmic bin size.
The domain of the mapping includes two semi-open intervals
for very small and very large ratios (for j log γj > K).

The smallest gaps in a document typically correspond to
the space required to print or write a word or a number. Even
dense forms rarely have more than 30 lines of text; most
forms have fewer than 20. The smallest gaps are likely to
be those from double lines. The largest gap can be no larger
than page height. Gap ratios typically range from 0.1 to 10,
and the smallest significant difference is about 30%. Setting
N ¼ 24 and K ¼ 1.3 yields 22 finite bins increasing by 30%
from γ ¼ 0.05 to γ ¼ 20. The resulting symbol alphabet is
{‘1’, ‘2’, . . . , ‘24’}.

6.2 Edit Distance
The metric used for classification was the Levenshtein edit
distance. Schauerte’s open-source program accepts arbitrary
weights for the cost of the insertions, deletions, and substi-
tutions necessary to convert one string into another, but lack-
ing enough training data to estimate the optimal weights, we
set them all equal. With more data, substitutions could be
also weighted according to the size difference of the gap
ratios. An example of the edit distances DH and DV between
the horizontal and vertical basis ratio sequences (represented
here by alphabetic symbols) of forms #54 and #55 is
shown below:

Fig. 3 Approximate pdfs and CDFs for a noisy gap ratio.

Fig. 4 Random-phase noise. Here, L1 ¼ 4.2δ. After spatial sampling L1 will be either three or four pixels
long, depending on its position relative to the sampling grid.
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H54: ‘mdkkllilkkkkkkkkkkkkkkkkklkimks’ V54: ‘mikogog’
H55: ‘jlmgkmjiknhkmjljkkkkljkimjhlllmjh’ V55: ‘lhknemoe’

DHð54;55Þ ¼ 24 DVð54;55Þ ¼ 6:

The edit distance computation could take missing or spu-
rious rules into account. When a symbol does not match, the
algorithm can check whether combining adjacent gaps
would reduce the edit distance. (A rule missed in one docu-
ment is equivalent to a spurious rule in the other and can be
analogously treated.) This check can be extended, at expo-
nentially growing cost, to several consecutive gaps.

6.3 Classification
The rule detection, logarithmic gap ratio quantization, and
string matching were applied as parts of the MADCAT
project to a set of 158 extremely noisy scanned forms of
15 types. The sizes of the groups ranged from 1 to 37
forms. These filled-out forms contain still sensitive personnel
information collected by Iraqi Government agencies, which
precludes presenting them. The forms were classified by a
nearest neighbor classifier with the edit distance function.
The resulting error rate was 11% (17 errors). Ten errors
are due to groups 3 and 12 (see Figs. 5 and 6). One error
is unavoidable because group 13, with only one member,
has no reference pattern for the nearest neighbor. There
are six confusions between groups 2 and 3 that differ only
by a single ruling. The MATLAB® program runs in 1 s per

form on a 2 GHz laptop, with 83% of the time taken by the
Hough transform.

7 Summary and Discussion
We explored the extraction and quantitative representation of
rectilinear ruling configurations that might serve as features
in some document image analysis tasks.

We explained, by formulating an approximation for the
probability of error, the exponential increase in the effective-
ness of sparse ruling location that can be achieved by simul-
taneous analysis of the distribution of the angular
coordinates of all quasihorizontal and quasivertical ruling
candidates. The method is simple and direct, yet apparently
seldom utilized.

We proved that the sequence of the N − 2 ratios of the
distances between N consecutive parallel rulings completely
characterizes the ruling configuration. In contrast, the histo-
gram of the size of the ruling gaps or of their ratios fails to
preserve their order.

The proposed basis ratios are least sensitive to measure-
ment noise when their magnitude is near unity. Random-
phase spatial quantization, on the other hand, significantly
perturbs the ratios only when one of the gaps is small com-
pared to the pixel size. The effect of this noise at a given
spatial resolution can be reduced by grayscale or color con-
version instead of binarization.

Since the variable-length sequences of rulings do not
easily fit vector-space classification, we mapped them into
symbol strings. The symmetric logarithmic transformation

Fig. 5 Results from leave-one-out edit-distance-based classification of 158 MADCAT forms.

Fig. 6 Models of empty tables provided with the ground truth but not used for classification. There were
no errors on tables with many rulings, like those in Group 4. There were six confusions between Groups 2
and 3, and 4 involving Group 12.
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ensured equal relative quantization error regardless of
ratio size.

A review of an earlier experiment shows only that the pro-
posed processing chain can be readily implemented and that
run time on a PC is fast enough for practical applications.
The sample size was far too small to draw defensible con-
clusions regarding accuracy and generalizability. Except pos-
sibly for historical forms, there are not many examples where
form classification by means of ruling configurations is the
best alternative. Modern forms usually have a prominent
alphanumeric or bar-coded form identifier, and in its absence
OCR will usually reveal preprinted labels that are unique to
each form class.

Predicting the actual error rate would require computing
the joint probability distribution of all the ratios under the
difficult constraint that each ratio is statistically dependent
on the two preceding ratios. One possibility is the generali-
zation of Chow’s expansion.45 One would first have to justify
the i.i.d. assumption of the uniform angular distribution of
the spurious rulings. The prediction will be even more prob-
lematic if the obvious possible improvements (e.g., variable
weights and tracking down missing/extra rulings) in the edit-
distance-based classification are implemented. None of these
are feasible without a much larger labeled sample of ruled
documents.

Although the analysis was prompted by a form-classifi-
cation task, we have received suggestions for its potential
applicability to other image analysis tasks with rectilinear
line configuration, including building, street, and agricultural
field location by remote sensing, conversion of hand-drawn
legacy drawings and diagrams, staff line extraction in cam-
era-based music score interpretation, and information recov-
ery from scanned printed tables.
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