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Abstract Many preprocessing techniques intended to nor-
malize artifacts and clean noise induce anomalies in part due
to the discretized nature of the document image and in part
due to inherent ambiguity in the input image relative to the
desired transformation. The potentially deleterious effects
of common preprocessing methods are illustrated through
a series of dramatic albeit contrived examples and then
shown to affect real applications of ongoing interest to the
community through three writer identification experiments
conducted on Arabic handwriting. Retaining ruling lines
detected by multi-line linear regression instead of repair-
ing strokes broken by deleting ruling lines reduced the error
rate by 4.5 %. Exploiting word position relative to detected
rulings instead of ignoring it decreased errors by 5.5 %.
Counteracting page skew by rotating extracted contours dur-
ing feature extraction instead of rectifying the page image
reduced the error by 1.4 %. All of these accuracy gains are
shown to be statistically significant. Analogous methods are
advocated for other document processing tasks as topics for
future research.
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1 Introduction

Preprocessing images aim to facilitate later processing stages
by providing inputs that satisfy certain simplifying assump-
tions. According to Gonzalez and Woods [21], “There is no
general agreement among authors regarding where image
processing stops and other related areas, such as image analy-
sis and computer vision start.” For the purpose at hand,
we define preprocessing as an image-to-image (pixelmap-
to-pixelmap) transformation designed to satisfy given input
specifications for some subsequent operation on the image.
Any subsequent operation may result either in an image array
or in some other data structure derived from the image. If the
original image already satisfies the specification for the next
stage, then the output of preprocessing should be the same
as its input.

Conservative preprocessing preserves all information in
the original image either by (1) using only perfectly invertible
transformations or (2) describing rather than altering regions
of interest. Examples of (1) include rotations by multiples
of 90◦ and affine transformations where each row of pixels
is shifted horizontally by an amount corresponding to the
vertical coordinate of the row (assuming no cropping). An
example of (2) is recording the boundary pixels of a sus-
pected noise blob (a coffee stain or a camera flash) instead
of changing pixel values to try to erase the blob.

The theory of linear systems implies that the geometric
transformations of translation, rotation, and scaling by arbi-
trary amounts are asymptotically invertible as the size, dpi,
and color depth of the output image approach infinity. How-
ever, the removal of occluding artifacts cannot be reversed
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unless the original image is kept. In real applications, all of
these transformations alter the image in some way.

In the context of document images, preprocessing is
broadly synonymous with image restoration and image
enhancement. In Marinai’s words [31], “Preprocessing oper-
ations in document image analysis transform the input image
into an enhanced image more suitable for further analy-
sis.” Popular preprocessing methods include binarization,
rescaling, cropping, page rectification (including rotation of
scanned images and more general geometric transforma-
tions for camera capture), thinning and skeletonization, slant
removal from handwriting or printed italics, artifact removal
(ruling and guide lines, stamps, scribbles), and conventional
noise filters (salt and pepper, Gaussian, edge, blob). Marinai’s
taxonomy of preprocessing also includes boundary detection
and thinning.

Current implementations result in irreversible transforma-
tions and information loss because image data preservation
is not part of the downstream specifications, or because
the system designer is not fully aware of the damage such
transformations can introduce. In general, it is impossible to
guarantee that an irreversible transformation will not result in
a significant loss of information. Preservation of the original
image data allows further analysis that exploits the recorded
observations for improved overall results. For example, if an
error in estimating the skew angle of a very sparse page results
in too many characters rejected by downstream OCR on the
rectified image, the program can re-try character recognition
with the runner-up skew angle estimate. Alternatively, OCR
features tuned to the skew angle can be extracted from the
original image.

Document image analysis (DIA) has gradually separated
from image processing research and practice on applications
for phototagging, surveillance, remote sensing, and bio-
imaging that address images obtained from cameras, satellite
sensors, digital X-rays, CT, MRI, and ultrasound. Document
images are generally obtained from high-contrast originals
like printed and handwritten text, equations and formulas,
tables and forms, engineering drawings, and schematic dia-
grams. When these originals have a monotone foreground
of symbols, they are often represented by bi-level bitmaps
in spite of the inevitable random-phase spatial sampling
effect [43]. Furthermore, in earlier days limited comput-
ing speed and storage precluded grayscale and full color
processing. Consequently, many of the document processing
methods reported in the literature start either with black-and-
white scans or with software binarization. Although finer
hardware or software quantization is preferable, most of
our recommendations target bi-level image input because
the distortions introduced by subsequent preprocessing steps
are greatly aggravated by bi-level amplitude quantization.
Conservative preprocessing is likely to benefit bitonal doc-
ument images far more than grayscale, RGB, or multi-

spectral digital images and videos where binarization is
avoided.

Because of their dominant orthogonal or near orthogonal
layout, skew considerations play a more important role in
DIA than in most other applications. The objectives, results,
and potential negative effects of various kinds of preprocess-
ing are summarized in Table 1.

We show several contrived examples of the effects of
irreversible preprocessing for illustrative purposes, because
it is difficult to visualize what actually happens in a real
application of interest. We also present experiments on real
document images that compare conventional preprocessing
with conservative preprocessing followed by feature extrac-
tion using information recorded during earlier stages in the
DIA pipeline. Ensuring that a given set of features are invari-
ant to irrelevant image characteristics complicates feature
extraction compared to extracting them from ideal images.
An alternative is to formulate features intrinsically invari-
ant to image characteristics that are irrelevant to the desired
output, like rotation-invariant moment features. Our experi-
ments show some unexpected benefits from retaining image
contents like ruling lines that in prior work were considered
“noise,” and from rotating features instead of rotating page
bitmaps.

We are particularly interested in documents constructed
in several stages, such as printed forms that may have hand-
writing, signatures, guide lines, and stamps added, possibly
after photocopying or faxing, but before digitization by a
scanner or camera. Degradation arising from multi-pass doc-
ument construction is discussed in the context of bank checks
in [46]. Most forms designed for collecting information are
now “born digital” and are filled out online. However, auto-
mated information extraction from archival documents is
attracting increasing attention as more and more corpora of
historical interest are digitized and posted on the Web (often
for genealogical applications). Non-textual components may
not only assist text interpretation, but may benefit scholarly
studies as well. An example of a collection offering interest-
ing DIA problems is that of Jia Pu (Chinese family histories)
digitized by FamilySearch [13].

After touching on relevant prior work in Sect. 2, we give
some examples in Sect. 3 of egregious distortions intro-
duced by irreversible image transformations. The remainder
of the article reports experimental results that support the
purported advantage of conservative image processing on a
set of related DIA applications of ongoing interest to the
community. Section 4 shows the loss of accuracy in writer
identification induced by attempts to repair strokes broken
by the removal of guidelines and demonstrates that not only
is writing quality preserved by retaining guidelines, but the
location of words with respect to adjacent guidelines can be
exploited for more accurate writer identification. The impor-
tant notion of normalizing features instead of normalizing
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Table 1 Preprocessing in document image analysis

DIA stage Assumptions regarding
input

Preprocessing applied to
satisfy assumptions

Potential negative
impacts of preprocessing

Possible alternatives

Layout analysis Image contains only
specified document
components, e.g., text
and tables [1]

Artifact removal, e.g.,
logos, seals,
photographs, coffee
stains

Missed/spurious lines or
words or other
components of interest

Tag rather than remove
artifacts

Line- and word-level
segmentation

Upright orientation with
no page skew [12]

Trigonometric rotation Resampling error that
affects line and word
spacing

Segment lines and
words according to
estimated tilt

Connected-component
analysis for feature
extraction

Bi-level 4- or
8-connected
foreground
components [22]

Global or local
binarization

Missed/spurious
foreground
components

Grayscale morphology
and features [22];
selective
re-binarization

Column/line
segmentation

Vertical margins and
horizontal lines; X–Y
tree layout [27]

Rotation, affine, or
perspective
transformation for
camera images with
resampling

Wrong skew angle for
near-empty pages;
Distorted character
shapes

Retain transform
parameters; use
continuous
coordinates;
non-isothetic partition

Word, character,
typeface, writer
recognition

Uniform spatial
sampling rate (dpi) [2]

Isotropic scaling with
resampling to
compensate for
variable input dpi

Missed/spurious strokes
and rulings,
touching/broken
glyphs

Retain exact pixel
coordinates; rescale
grayscale image;
SIFT [30]

Handwriting and typeset
italics recognition

Slant-free writing or
print

Global or local slant
removal with
resampling

Distorted glyphs, missed
word boundaries

Retain local slant angle;
use slant-invariant
features [50]

Graphics recognition Single-pixel wide
lines [38]

Thinning or
skeletonization

Anomalous spurs,
broken/merged
components

Use complete distance
transform;
vectorization

Any DIA task No interaction between
recto and verso

Bleed-through
removal [42,53]

Alter/remove text
information on both
verso and recto

Tag information on
verso and recto;
compensate during
feature extraction

images is illustrated in Sect. 5 using contour-hinge features
as a case study. The concluding section evaluates the scope
of applicability of conservative preprocessing and proposes
further critical experiments.

2 Prior work

In digital image processing, image resampling is the process
of geometric transformation of a discrete image from one
coordinate system to another [16]. Preprocessing document
images by resampling is widely recommended for size, rota-
tion, or skew normalization [22]. An authoritative guide for
practitioners [12] states that: “After the skew angle of the page
has been detected, the page must be rotated in order to correct
this skew.” Resampling is usually accomplished by interpo-
lating the pixel values in some neighborhood of the source
coordinates of the transformed pixel and then rounding or
truncating the result. Common interpolants include near-
est neighbor, bilinear and bi-cubic ones. Thorough analyses
of resampling are available in a general picture process-
ing context [2,40], but not specifically for document image
analysis.

Nonlinear shape normalization in handwritten text recog-
nition [10,29,36,41,50,54], mapping pen coordinates for
extracting features like turning angles [52], and document
defect models [5] are all implemented via resampling. The
error in computing features from the normalized bitmaps is
reduced, but not eliminated, by higher spatial sampling rates
and by scaling or rotating about the centroid of the image
rather than the origin.

It is generally agreed that features invariant to scale,
gray level, and skew are more reliable than image normal-
ization. Many geometric features invariant to translation,
scale, and rotation have been proposed [19,20,36], includ-
ing scale invariant feature transform [30], and graph-based
features that are affine invariant, Hu, Zernike, Krawtchouk,
and Fourier–Mellin moments [23,25,49,51,55], functions of
the number of stroke crossings along transects [15] and, by
definition, all “topological” features [33].

Nevertheless, resampling remains a common approach to
normalization because it simplifies subsequent extraction of
features lacking an invariant formulation [26,48]. Examples
of non-invariant features include template matching and N-
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tuples [24]. Furthermore, most of the above features are not
invariant to rubber-sheet transformations.

The recently published Handbook of Document Image
Processing and Recognition [17] edited by Doermann and
Tombre does not include a chapter titled “Preprocessing,”
but most of Chapter 4 by Gatos is devoted to binarization,
enhancement, and geometric page normalization methods.
Barney Smith’s Chapter 2 reviews the characteristics of var-
ious methods of document generation, typical degradations
from handling and storage of documents, and distortions due
to digitization. In the last chapter, Margner and El Abed
explain several metrics for binarization and segmentation
and list relevant test datasets, ground-truthing tools, and
contests.

Mohamad and his colleagues do not state the idea of
avoiding preprocessing, but they do make use of slant
information in feature extraction [32]. Some of the exam-
ples below were presented at the SPIE DR&R conference
in 2013 [35]. The experiments on writer identification
were part of the first author’s 2015 doctoral dissertation
at Lehigh University [9] under the guidance of the second
author.

3 Examples of irreversible distortion caused by
scanning and preprocessing

Scanning a page converts reflectance values to a rectan-
gular array of intensity values (a pixel map) by spatial
and amplitude quantization of the sensor response to a
swath of light that sweeps across the page. The light
source is usually a linear LED or laser array, while the
sensor is either a charge-coupled device (CCD) or com-
plementary metal-oxide-semiconductor (CMOS) array. The
analog output of the sensor is sampled and quantized.
The essential aspects of the optical performance of a
scanner or camera are captured by its optical transfer
function or spatial response function [7] and its spatial
sampling frequency (resolution). Photodensitometers are
slow precision instruments for accurate reflection mea-
surement. Flatbed scanners provide one dimension of the
sweep electronically and the other mechanically by moving
the illumination/sensor assembly down the page. High-
speed scanners move the paper relative to the stationary
light source and optoelectronic transducer. Cameras have
2-D sensor arrays and natural or targeted external illu-
mination. Specialized devices are available for digitizing
microfilm, checks, envelopes, bound books, and large-
format drawings. The faithfulness of page digitization,
and the amount of information retained about digitiza-
tion parameters and transducer characteristics greatly influ-
ence all subsequent image preprocessing, processing, and
postprocessing.

Fig. 1 “eon” and “con.” a Original images. bGrayscale representation
of scanned images. The broad range of gray-level values is due to the
finite extent of the point spread function. Pixel values at edges are the
weighted average of the foreground and background areas covered by
the sampling spot [45]

Fig. 2 Threshold effects. a Original patterns, highly magnified, on the
same page. b The chosen binarization threshold preserves the gaps
between e and o, and between c and o, but erases the bar of the e.
c A lower threshold produces the opposite effect: it preserves the bar of
the e, but connects e and o, and c and o

Spatial and amplitude quantization, especially binariza-
tion, is the most drastic type of irreversible image transfor-
mation. Some scanners map optical reflectance to gray value
(typically 0-255), while others map reflective density (the log-
arithm of reflectance) [3,34]. The mapping can be modified
by adjusting the scanner’s brightness and contrast settings.
These settings are seldom preserved in the output file. Even if
calibration charts are scanned with each batch of documents
(as they should be!), often the resulting information is even-
tually separated from the document stream. Then, there is no
way of knowing the difference in reflectance between a gray
value of 110 and a gray value of 150.

Amplitude quantization does not necessarily preserve
contrast, as shown in Fig. 1. Furthermore, although the tails
of the e and of the c appear to be the same in the original, they
are different in the digitized version. This can happen even
with a perfect ideal scanner because of the random place-
ment of the glyphs with respect to the underlying sampling
grid [43].

Otsu’s binarization algorithm is a global thresholding
technique [37]. Figure 2 shows an example where even a
local binarization algorithm may be unable to find a thresh-
old that preserves the horizontal bar of the e in eon, yet leaves
a gap between c and o in con.
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Fig. 3 Exact coordinate scaling versus resampling

Inaccuracies in feature extraction from resampled images
are the intrinsic consequence of the irreversible mapping of
real numbers into integers. The mapping can be avoided by
retaining the floating point values of the transformed coordi-
nates (ignoring rounding error). Normalizing the features can
then take into account the size, skew, and gray scale of the
original image without requiring the truncation of real num-
bers. Even though the difference between approximation and
exact calculation may be small, feature normalization does
not need experimental justification because it is a dominant
alternative (i.e., it is always superior or equal) to resam-
pling.

Feature normalization can be accomplished by computing
the features from the exact values of the transformed coor-
dinates. We illustrate this in Fig. 3 on a 1 × 10 pixel image.
In this case, the second moment of an image is defined as
following:

Mi =
∑

x

xi I (x) (1)

where I (x) is a 0-/1-valued amplitude function (1 for fore-
ground) of the pixel at the coordinate [x]. Thus, M2 of the
original image A is computed as

M2(A) = 12 + 22 + 52 + 62 + 72 + 82

= 179 (2)

Likewise, M2 of the resampled image B is M2(B) = 78. The
computation on exact coordinates scaled by 0.8:

M2(C) = 0.82 + 1.62 + 4.02 + 4.82 + 5.62 + 6.42

= 114.56 (3)

Which is correct? The continuous coordinate transforma-
tion yields the moment ratio of

√
(114.56/179) = 0.80 as

expected, while resampling results in
√

(78/179) = 0.66.

450 rotation

origin

Fig. 4 Digital square and rotated digital square. Small patterns and
large rotations are common in camera-based OCR. Resampling often
changes the shape of commas and periods

Therefore, any invariant moment computation based on the
resampled image will be grossly in error!

Computing moments from resampled bitmaps that attempt
to correct for skew (rotation or shear) is also error prone. A
worst-case example is the 45◦ rotation of a 2 × 2 digital
square (Fig. 4). Regardless of how the rotation is executed,
there is simply no way to represent a small diamond on an
isothetic grid. Some less striking effects of resampling on
real documents are examined in Sect. 5.

The geometric moments can, however, be computed
exactly in a continuous system of coordinates. Direct meth-
ods have also been derived for geometric moments under
rotation (analogous to the one shown for 1-D scaling)
and other linear transformations, but not for perspective or
rubber-sheet transformations [39,44].

Resampling bitonal images can change connectivity of the
image components. Thin line segments (e.g., rulings) in the
original image may be broken, or adjacent parallel segments
may be connected. As shown in Fig. 4, in the original image,
each of the four foreground pixels is four-connected to two
others, while in the rotated image the four contour pixels
are four-connected only to the center pixel. Since connected-
component algorithms depend on specified foreground and
background connectivity (either four-connected foreground
and eight-connected background, or vice versa), the topology
of either could change.

All normalized features based on geometric distance
(convex areas, perimeter lengths, stroke widths, moments,
gradients, distance transforms, Hessians, directional deriv-
atives, and projections) can be computed exactly using
either invariant formulations or transformed coordinates
instead of resampled bitmaps. The transformed coordi-
nates of all the pixels of an m × n bitonal image can be
stored as an m × n × 2 array of floating point x- and y-
coordinates.

It is misleading to argue computing efficiency to avoid
conservative methods. For example, MATLAB takes less
than 0.1 s to compute 2000 × 3000 exact x and y rotation
coordinates on a 2.5 GHz laptop. In contrast, rotating this

123



J. Chen et al.

Traditional DIA Methodology

Deskew Page Remove Ruling

Page Skew

Proposed DIA Methodology

Page Skew
Pre-printed 

Ruling Model
Knowledge Base

Pre-printed 
Ruling Model

Detect Ruling Detect Skew

Fig. 5 A comparison of a typical DIA pipeline and our proposal.
Arrows represent information flow between pipeline modules

bi-level image by resampling with nearest-neighbor interpo-
lation takes MATLAB 1.7 s.

4 Conservative approaches to page artifacts

Conservative preprocessing preserves data in the image that
could be valuable to later processing steps such as feature
extraction.

This paradigm is depicted in Fig. 5. As described in the
DIA literature, traditional preprocessing techniques attempt
to clean up images by deskewing pages, removing ruling
lines, eliminating scanning noise, etc. In these irreversible
procedures, the bitmap is modified without keeping a record
of the original or the processing that has taken place. Thus,
information is lost that could be valuable to follow-up mod-
ules in the DIA pipeline.

In contrast, the proposed paradigm maintains the integrity
of the input image by detecting and storing preprinted
information, user added data, and digitization characteris-
tics in a knowledge base accessible to later DIA stages.
The knowledge base is a collection of extracted docu-
ment attributes, structures, and artifacts, as well as any
information derived from them, such as histograms of chan-
nel or grayscale intensity distributions, preprinted ruling
lines and their attributes, tabular structures. No information
from the original image is ever discarded, thus reserv-
ing the possibility of making use of it throughout the
pipeline.

Page artifacts can be distracting during document prim-
itive detection or feature extraction. We turn now to ruling
lines as a specific case to illustrate our points. Preprinted
ruling lines are designed to help people write neatly, but
handwriting will often overlap the underlying ruling line.
It is therefore customary to attempt to remove ruling lines

before performing handwriting recognition or writer identi-
fication.

Arvind et al. [4] introduced a rule-based method that
detects the ruling lines within segmented handwritten blocks
by computing horizontal projection profiles. Abd-Almageed
et al. [1] proposed a ruling line removal algorithm based
on modeling rulings in linear subspaces. Kumar and Doer-
mann [28] developed a fast ruling line removal algorithm that
takes advantage of integral images to compute line features
and uses a re-sampling scheme to reduce the sample size for
training an SVM. Cao et al. [8] relied on local shape analy-
sis to reconstruct handwritten strokes broken by removing
ruling lines.

4.1 Negative effects of ruling line removal on writer
identification

To demonstrate information loss, we implemented the tradi-
tional approach of detecting and removing ruling lines and
then repairing possibly broken handwritten strokes. First,
horizontal projection profiles (HPPs) are computed and the
page skew is determined by finding the minimal entropy in
the HPPs. Next, positions of the ruling lines are detected by
finding the peak in the corresponding HPP. The bin with top
vote in the histogram of vertical run lengths is selected as the
line. Then, foreground pixels corresponding to this line are
removed.

The next step is to recover handwritten strokes broken by
ruling line removal. Following the strategy from Cao et al. [8],
there are three sub-steps: broken stroke reconnection, thinned
stroke recovery, and “U-shape” pattern detection and stroke
regeneration. Broken strokes are recognized by computing
the distances between segments above the ruling line and
those below. Thinned strokes are preserved by inserting ink
pixels column by column in the direction of the ruling line.
“U-shape” segments are connected by drawing a straight line
between two segments and partial ellipses at the ends to make
the artificial stroke look natural.

Although care is taken to restore writing segments that
cross ruling lines, this is at best an imperfect process (Fig. 6).
Strokes parallel to and overlapping ruling lines, which are
particularly common in Arabic handwriting, are vulnerable
to the damaging effects of ruling line removal [8].

4.1.1 Experimental setup

The Arabic dataset we used for evaluation was provided by
the Linguistic Data Consortium (LDC) [47]. Sixty native
Arabic writers contributed samples of handwriting on paper
sheets. To avoid sampling bias, we split each writer’s hand-
written lines into four disjoint subsets for cross-validation.
Each fold in turn served as a test set with the remain-
ing three subsets used as the training set. The results
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Fig. 6 Examples of potentially harmful stroke modifications intro-
duced by ruling line removal

Table 2 Datasets used in our experiments

Dataset Sample size (text lines)

Training Testing Total

Ruling-line-only (RLO) 2700 900 3600

Ruling-line-free (RLF) 20,700 6900 27,600

Mixed (M) 3600 1200 4800

are averaged across all fourfold. The sizes of the three
datasets, as determined by the presence or absence of rul-
ing lines on the sheets used by the writers, are shown in
Table 2.

We use contour-hinge features, which have been shown to
be useful for writer identification [6]. An illustration of this
feature extraction procedure is shown in Fig. 7.

The feature computation is based on contours extracted
using connected-component analysis. Specifically, we com-
pute the angles φ1 and φ2 from the horizontal axis of each
pair of adjacent segments (each five pixels long) along the

contours (Fig. 7a). We treat pairs of angles as jointly distrib-
uted random variables. Quantizing the angle plane ([0, 2π))
into n = 24 bins, we accumulate the counts in each bin as we
traverse every contour. Because of the assumed symmetry in
the histogram, only half of the bins (φ2 ≥ φ1) are used to
compute a probability distribution function (PDF). Thus, the

final feature vector is 300-dimensional
((24

2

) + 24 = 300
)

.

We classified the ruling-line-only (RLO), ruling-line-
free (RLF), and mixed (M) datasets using support vector
machines (SVMs). Given that each page was scribed by
one person, the writer identification accuracies reported
in this paper were computed at the page level based on
majority voting across the text lines on the page in ques-
tion.

4.1.2 Experimental results

Table 3 shows that removing ruling lines actually decreases
the accuracy of writer identification. The significance of the
differences was validated by McNemar’s test as discussed in
“Appendix” section. The RLF result shows that the ruling
line detection does not generate false positives. These obser-
vations motivated us to investigate whether there might be a
better approach for handling such artifacts.

Table 3 Writer identification accuracy after applying a ruling line
removal algorithm

Training/testing subsets (%)

RLO RLF M

Before removal 62.5 74.7 62.0

After removal 58.0 74.7 61.0

The figures below are the means of fourfold cross-validation

Fig. 7 An illustration of computing contour-hinge features. Diagrams of contour-hinge features are courtesy of Dr. Lambert Schomaker and Dr.
Marius Bulacu. a Is a copy of Fig. 3a in the their paper [6]. Red color in b means high values and blue means low values (color figure online)
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Fig. 8 Accounting for rulings during feature extraction. In the lower
half, blue pixels are valid contour points that contribute to the contour-
hinge features, while red pixels are contour points that overlap ruling
lines (color figure online)

4.2 Positive contributions of ruling lines to writer
identification

To eliminate ruling effects in feature extraction, we skip two
consecutive contour segments if they lie on a ruling. We com-
pensate for the page skew by subtracting it from the local
angles. We detect “salt-and-pepper” noise and ignore it since
its contour length is usually small. In this way, we can effec-
tively handle scanning noise, page skew, and the presence
of rulings during feature extraction, rather than in a conven-
tional preprocessing stage. Figure 8 shows invalid contour
points overlapping rulings in red and valid contour points
in blue. Some contour segments are not colored because
using only half of the probability distribution function (PDF)
matrix is recommended [6].

Keeping ruling lines does more than preserve the integrity
of the input handwriting by obviating the need to repair bro-
ken strokes. As the following experiment shows, the position
of the script relative to the ruling lines can be a discriminat-
ing characteristic to boost the accuracy of writer ID. Like
automobile drivers, it appears that some writers meticulously
keep to the middle of the lane, while others are line huggers
or even line straddlers.

We evaluated three strategies of handling preprinted rul-
ing lines in our experiments. Remove-Ruling is the baseline
paradigm of using ruling removal followed by broken stroke
recovery. The other two methods detect and exploit ruling
lines without removing them.

Remove-Ruling remove ruling lines and try to recover
broken strokes by local shape analysis [8].

Fig. 9 An illustration of computing displacement features that exploit
preprinted ruling lines

Offset-Ruling detect ruling lines using a model-based
method and account for them during feature extraction.
Exploit-Ruling add displacement features to Exploit-
Ruling.

4.2.1 Experimental setup

The Arabic dataset we used for this evaluation was also pro-
vided by the Linguistic Data Consortium (LDC [47]). 61
writers contributed, each providing 10 handwritten pages.1

Each page was scanned at 600 DPI using a bitonal set-
ting; a typical size for a page image is 5100w × 6600h.
We divided the dataset into fivefold, each containing two
pages by each writer. Each page was then annotated with non-
isothetic bounding polygons for handwritten words and text
lines, along with the corresponding text transcription. Using
fivefold cross-validation, each text line was tested once. We
classified 4890 text lines using an SVM with a radial basis
function (RBF) kernel. As consistent with our stated phi-
losophy, conventional preprocessing steps such as median
filtering or deskewing were not used (Fig. 9).

4.2.2 Experimental results

Figure 10 presents the top-1 accuracy of the different
approaches. As can be seen, Offset-Ruling outperformed the
baseline Remove-Ruling system. This result shows that it is
feasible to handle ruling lines during feature extraction with-
out error-prone recovery of broken strokes. On the image
samples where Offset-Ruling performed better, we observed
mutilated strokes in the Remove-Ruling output which led to
classification errors.

Moreover, the presence of preprinted rulings helped boost
writer ID. Adding the displacement features in Exploit-
Ruling increased the accuracy to 67.7 %, compared to 65.8 %
for Offset-Ruling, and 61.2 % for Remove-Ruling. These
accuracy gains are statistically significant with a confidence
level of 95 % (see “Appendix” section).

1 This differs from the previous 60-writer setup because of new releases
of datasets from LDC.

123



Conservative preprocessing of document images

 50

 55

 60

 65

 70

 75

Fold0 Fold1 Fold2 Fold3 Fold4 Average

W
ri

te
r 

Id
en

tif
ic

at
io

n 
A

cc
ur

ac
y 

(T
op

-1
)

Writer identification accuracy of handling pre-printed ruling lines

Remove-Ruling
Offset-Ruling

Exploit-Ruling

Fig. 10 Writer identification accuracy on different approaches of han-
dling preprinted ruling lines. All the numbers are top-1 accuracy in the
output n-best lists

5 Conservative accommodation of page skew

Rotating a bitmap on a 2-D grid can cause distortion, as
shown in Fig. 4. To extract local slope features critical for
identifying writers, we present a conservative approach that
rotates the features instead of the bitmap. We also describe an
image processing anomaly that is not due to preprocessing,
but rather to insufficient attention paid to offsets that affect
intrinsic symmetries.

5.1 Experimental setup

We examine two alternatives to page rotation when comput-
ing hinge contour features: (1) explicitly subtract the page
skew from the hinge segment angles, and (2) after contour tra-
versal transform the coordinates of extracted contour pixels
by rotating them through the negative of the estimated skew
angle before extracting the hinge features. Hence, including
the traditional resampling approach to deskewing, we have
three methods to evaluate, as shown in Fig. 11.

These methods differ in the order that page skew is handled
in the processing pipeline. Deskew Page normalizes page
skew during preprocessing, by rotating the bitmap directly.
Subtract Skew ignores the presence of page skew until com-
puting the indices of bins in the PDF matrix. Transform
Contour first extracts the contours and then rotates them
in a continuous coordinate system before computing the
contour-hinge angles. Note that this obviates the problem-
atic coordinate transform in Deskew Page because here we
can use real values to represent point coordinates.

Deskew Page baseline system which rotates the image to
counter the detected page skew, as is common in tradi-
tional preprocessing.

Deskew Page Subtract Skew Transform Contour

Rotate Page

Extract Contour

Traverse Contour Transform Contour

Traverse Contour

Traverse Contour

Pre-processing

Feature Extraction

Detect Page Skew  

(φ1, φ2)

(φ1, φ2)

Detect Page Skew  Detect Page Skew  

Extract Contour Extract Contour

: Page Skew

(φ1 − β, φ2 − β)

β

Fig. 11 The three different feature extraction methods under study in
the presence of page skew. (·, ·) means the actual angles used to index
in the PDF matrix

Subtract Skew subtracts the page skew from the angles
of hinge segments and then computes the indices in the
PDF matrix.
Transform Contour counters page skew by transform-
ing the coordinates of extracted contours in a continuous
coordinate system.

In a world without quantization effects, these methods
would generate the same feature vectors. Due to the discrete
2-D grid, however, this will often not be the case. This is
illustrated in Fig. 4. A way to quantify a more subtle version
of this effect is by extracting features for a compute-generated
ellipse under rotations in the interval [−1.0◦, 1.0◦].

In the work that proposed the use of contour-hinge fea-
tures [6], the authors only computed half of the PDF matrix
as a feature vector (φ2 ≥ φ1), regarding the other half as
being redundant due to symmetry. We examine the benefits
of using the entire PDF matrix as a feature vector.

Half_PDF the baseline method from the original lit-
erature which uses half of the PDF matrix as a 300-
dimensional feature vector, as in [6].
Full_PDF uses the full PDF matrix for n2 = 576-
dimensional feature vectors.

5.2 Experimental results

The experimental results comparing Transform Contour and
Transform Contour with Subtract Skew are summarized
in Fig. 12. While the baseline seems to outperform Sub-
tract Skew, McNemar’s test indicates that the difference of
0.4 % is not statistically significant: the two systems perform
similarly. With Transform Contour, however, we obtain an
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Fig. 12 Writer identification accuracy using different ways of handling
page skew

Table 4 Asymmetric PDF matrix in feature extraction

Half PDF (%) Full PDF (%)

Deskew 73.5 78.1

Transform contour 74.9 79.5

accuracy gain (1.4 %) which is statistically significant. This
result validates our hypothesis that it is possible to avoid
degradations caused by rotating bitmaps during traditional
preprocessing and instead account for page skew during fea-
ture extraction (Table 4).

For our implementation of feature extraction, we found
that the full PDF matrix is not symmetric as originally
assumed. Bulacu and Schomaker used only half of the matrix,
because they considered the other half redundant. They
assumed that the contours are symmetric with respect to the
horizontal axis, so that the PDF matrix will be symmetric.
We investigated this assumption by rotating a standard ellipse
by different angles to test feature extraction. For each skew
angle in [−1.0◦, 1.0◦], we computed the distance D between
the PDF matrix M and its transpose:

D =
n∑

i=1

n∑

j=i+1

‖M[i][ j] − M[ j][i]‖ (4)

where n = 24. Then, we computed the average distance for
each bin in the skew range. We also computed this metric
using all the text line images.

The asymmetry is illustrated by both the standard ellipse
with zero skew that produces a nonzero transpose distance
and, to a lesser extent, by the handwriting primitives. Fig-
ure 13 shows the discrepancy of the accumulated transpose
distances for a standard ellipse and for a typical handwritten
word.
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Fig. 13 Transposed PDF matrix distances of different objects

The lack of symmetry is due in part to partitioning con-
tours of arbitrary length into fixed-length segments when
extracting local hinge features and in part to the setting
the 15◦ bin boundaries for histogramming the hinge angles.
These details are also likely to explain the lack of improve-
ment by Subtract Skew. Unexpected, unwanted asymmetry
in the implementation of image processing algorithms is far
from rare. This can be readily detected, for example, by
checking whether 90◦ rotations of the input image produce
90◦ rotations of the output. Because of the observed lack of
symmetry, we choose to use the full PDF matrix for feature
extraction.

6 Conclusion

Conservative preprocessing preserves data in an image that
could be valuable to later steps, such as feature extraction. We
advocate preserving all information in the original image by
either (1) using only invertible transformations or (2) describ-
ing rather than altering regions of interest. This is certainly
not restricted to the DIA task of writer identification, which
we have used as our illustrative application.

We are aware that deep learning, the most popular cur-
rent method for many classification and regression tasks,
bypasses most of the DIA pipeline of Fig. 5, including pre-
processing. However, it requires significantly more training
data than previous approaches; data that might not be readily
available in certain scenarios. Although data augmentation is
possible, it requires precise parameter calibration to preserve
discriminative aspects of handwriting [11]. Second, even if
there is enough data, it is still far from obvious what archi-
tecture to use: the number, size and type of layers of hidden
units, connectivity, choice of activation functions, training
regimen, etc. In other words, it is trading “feature engineer-
ing” for “architecture engineering.” It is tempting to believe
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that deep learning is capable of doing anything any other
method can do, but the implementation of all pattern recog-
nition applications involves a series of trade-offs. Depending
on those trade-offs, deep learning may or may not be a good
choice for a given application.

We showed examples where resampling-based preprocess-
ing introduces distortions and demonstrated that maintaining
the integrity of the image (by not removing ruling lines and
repairing broken strokes) makes possible higher levels of
writer identification accuracy. Our experiments also show
that page skew can be compensated by rotating features
instead of altering the bitmap.

This work is both promising and suggestive, a single
instance of what could become a comprehensive approach
to building DIA pipelines. In fact, each preprocessing tech-
nique listed in Table 1 could be replaced by some type of
conservative alternative, depending on a specific DIA task
setting. This is a topic for future research.

Acknowledgments We thank the anonymous reviewers for their valu-
able comments.

Appendix

For binary classification errors [18], we define:

– Type I (false positive): detecting a class that is not present.
– Type II (false negative): failing to detect a class that is

present.

One often needs to compare the accuracy of one classifica-
tion algorithm with that of another. According to Dietterich’s
study of five statistical significance tests, McNemar’s [14]
has a low probability of incorrectly detecting a difference
when no difference exists.

Suppose there are two algorithms, baseline A and pro-
posed B. The available n samples are classified by both
algorithms. It is observed that n10 of the samples are mis-
classified by classifier A but not by B, n01 samples are
misclassified only byB, and n11 samples are misclassified by
both algorithms. The accuracy ofA isA = (n−n10−n11)/n,
and the accuracy of B is B = (n−n01 −n11)/n. McNemar’s
test is formulated as:

Z2 = (|n10 − n01| − 1)2

n10 + n01
. (5)

where n01, number of samples misclassified by the proposed
algorithm B, but not by the baseline A; n10, number of sam-
ples misclassified by the baseline A, but not by the proposed
algorithm B; null hypothesis H0, A= B; alternative hypoth-
esis H1, A < B.

The test statistic Z2 approximately follows the Chi-square
distribution with one degree of freedom. As a rule of thumb,
we say one algorithm outperforms another significantly with
a confidence level of 95 %. The test value Z2 corresponding
to this 95 % confidence is 3.84. Although this statistic test is
approximate, it is effective in detecting accuracy differences
between algorithms [14].

As an example of the application of McNemar’s hypoth-
esis test, consider two cases:

– Case 1: n01 = 10, n10 = 20, therefore Z2 = 2.70. We
cannot conclude that B is significantly better than A.

– Case 2: n01 = 5, n10 = 15, Z2 = 4.05. Therefore, B is
more accurate than A at a confidence level of 95 %.

Note that if n11 = 20 and n = 100 in both cases, then in
Case 1 A = 60 % and B = 70 %. In Case 2, A = 65 % and
B = 75 %. Different values of n11, the number of samples
misclassified by both algorithms, would give different accu-
racies for A and B, but that would not change our conclusion
with respect to their comparative accuracy. At low error rates
and large sample sizes, small differences in accuracy can be
statistically significant. It is, of course, essential to keep track
of the specific errors. The commonly used recall and preci-
sion measure does not provide sufficient information for this
test.

All of the differences in error rate reported as significant
in Sects. 4 and 5 yielded confidence greater than 95 % with
McNemar’s test.
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