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Resolving handwriting from background printing using
photometric stereo
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Abstract

We propose a scheme to resolve handwriting from background printing. The scheme detects the indentations made by the
pen in the paper. Photometric stereo is used to recover the surface; a matched /lter and classi/er are used to detect the stroke
indentation. We assess the e0ect of uniform and textured backgrounds on the recovery of the stroke and test the scheme
on practical examples. The technique was found to work well with script written with a ballpoint pen and could e0ectively
suppress even dark and strongly textured backgrounds. We conclude that this is a useful complement to existing techniques
for background removal and is especially useful when there is no template available.
? 2003 Pattern Recognition Society. Published by Elsevier Science Ltd. All rights reserved.
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1. Introduction

We propose a technique to resolve handwriting from back-
ground printing. Our approach relies on the fact that hand-
writing leaves indentations on the paper surface whereas
most forms of printing do not. Photometric stereo (PS) is
used to estimate the topography of the surface; classical sig-
nal processing techniques are used to detect the indentations.
The technique is useful for forensic document analysis and
automatic processing of forms and cheques.

In this paper we assess howwell the technique can recover
handwriting from background. The ability of PS to recover
topography and suppress printing is tested. We assess the
consistency of the indentations with di0erent pens, writers
and inks. The topography of the paper surface is modelled
and combined with the earlier /ndings to generate a detector.
The technique is applied to six practical examples.
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We found the PS algorithm to be accurate over the range
of slope angles required for handwriting recovery. The in-
dentations of ballpoints could be easily detected, though
those made by propelling pencil were much less obvious
and those made by felt tip could not be identi/ed at all. The
indentations made by ballpoints were found to be consistent
for the two types of pen and the four di0erent colours of ink
tested. Although there was some variation in amplitude this
seems to be largely due to the writer. We found we could
recover the pen indentations from very dark or textured sur-
faces as well as the easier cases. We proposed a detector
based on a matched /lter, thresholding and non-linear pro-
cessing. This was found to be e0ective at resolving hand-
writing from background printing in real examples.

We conclude that the technique works well at separating
ballpoint handwriting from printed background. The tech-
nique is more versatile than the techniques reported in the
literature: it makes no requirements about the nature of the
background or its alignment and does not require a tem-
plate. Set against this, it does require a photometric set of
images—though these can be captured quickly with the ap-
propriate hardware. We conclude that the technique is com-
plementary to existing algorithms, and is especially useful
where no template is available.
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2. Literature review

The recognition of handwriting is an established and ex-
tensive /eld of pattern recognition, see Ref. [1] for survey.
It encompasses techniques from low-level image processing
operations to high-level language modelling. The /eld may
be split into two broad categories: on-line—dealing with
input from a graphics tablet in real-time; and o5-line—the
examination of imaged, paper documents. O0-line recogni-
tion is most relevant to this work. Plasmodon and Srihari
identify three stages in o0-line recognition: preprocessing,
character recognition and word recognition [1]. This paper
is concerned with preprocessing.

Wang and Pavlidis present an algorithm that operates
on the grey level image and recognises parts of characters
as characteristic landmarks on a three-dimensional surface
[2]. However, most recognition algorithms operate on bi-
nary images and thresholding has been extensively studied:
Sankur groups forty-two thresholding algorithms in his clas-
si/cation [3]. Solihin and Leedham divide thresholding al-
gorithms into global and adaptive techniques [4]. Because
most handwriting is on a uniform background and is evenly
lit, global algorithms have been most thoroughly researched.
Trier and Jain present a comparison of four global algo-
rithms and report Otsu’s [5] to be the most e0ective [6].

A related, though more complex problem, is identify-
ing handwriting on a non-uniform background. Xiangyu
presents an algorithm that uses a ‘double-edge’ model of the
handwriting stroke to detect strokes while avoiding other
edges [7]. Franke and KKoppen [8] developed a forensic doc-
ument examination system that applied /lters, designed with
a genetic algorithm, to remove background from handwrit-
ten text. In many applications, for example reading hand-
writing from cheques or forms, a template is available and
many schemes have been proposed to take advantage of this,
e.g. Refs. [9–11]. However, even with this simpli/cation,
handwriting often overlaps printed matter and several algo-
rithms have been developed for line removal, e.g. [12–14].
Shetty et al. [15] isolated handwritten and machine printed
text from a cheque by generating a ‘pseudo-template’ from
the completed cheque. Morphological operators were used
to suppress the (high contrast) handwritten text, and the re-
sult was then used to remove background printing from the
completed cheque.

This paper proposes a novel preprocessing technique for
o0-line handwriting recognition. The aim of the technique,
like Ref. [8], is to isolate handwriting from background
printing. The novelty of this paper lies in the use of photo-
metric stereo to recover the topography of the handwriting.
Like Ref. [8] we use linear /lters to recover the desired
signal—though we describe the task in terms of a classical
detection problem—and the approach is analogous to the
geometric techniques used by Wang and Pavlidis [2] and
Ye et al. [7]. As with most techniques we use a global
thresholding algorithm. We found Otsu’s algorithm gave
noisy results and that a modi/ed form of the K-means

algorithm was more e0ective. Finally we applied morpho-
logical operators to the binarised image to reduce spurious
detections.

3. Accuracy of surface recovery

Our approach is based on photometric stereo (PS). PS
infers the slope of a surface patch by measuring how the
intensity of the patch changes as the direction of the light
source is varied [16]. The slope of the facet is described
by the partial derivatives of the surface p and q. Cho et
al. [17] use a two-light shape from shading algorithm to
recover the global shape of a book surface. Hansson and
Johansson applied photometric stereo to paper surfaces for
an inspection task [18].

Classical photometric stereo assumes the surface obeys
Lambert’s law and requires three images of the surface lit
from di0erent directions. We used a modi/ed version of
photometric stereo which allows the use of many images to
increase the robustness of the estimation. Throughout this
paper, we use 12 images, with illumination at 30◦ increments
of azimuth. For each surface facet we calculate the Fourier
Series of the intensity as a function of lighting azimuth. The
Lambertian component of reNection contributes to the mean
and the fundamental of the Fourier Series; specularities and
shadowing contribute to these components, but also to the
higher harmonics. By suppressing the higher harmonics, we
reduce the e0ect of the non-Lambertian components of re-
Nection. This will increase the validity of the assumption
that the surface is Lambertian, allowing classical photomet-
ric stereo to be applied more accurately, see Ref. [19] for a
fuller description.

It is important to assess the accuracy and limitations of
PS when applied to paper under raking light. We do this
by wrapping several sheets of paper round a cylinder (i.e.
a known shape) and estimating the surface derivatives. We
keep the same imaging setup for all the experiments in this
paper. A VKosskKuhler, 12 bit, monochrome camera with con-
stant gain is used. The sample is lit from a zenith of 70◦.
Raking light is required to accentuate subtle aspects of the

surface topography. However, it introduces artefacts: most
signi/cantly the spatial variation in the amount of incident
light. This e0ect is present under more moderate lighting
and is generally corrected using Nat-/elding. Under raking
light the e0ect is severe, and we have found Nat/elding alone
is not suQcient. In addition, we apply an isotropic, band-
pass /lter with a mean wavenumber of 1136 m−1 and stan-
dard deviation of 568 m−1. This attenuates low-frequency
components due to variations in incident light and high fre-
quency noise components giving an obvious improvement
in the image.

In Fig. 1 we plot the estimated derivatives q for the cylin-
der against the known derivatives. The relationship between
the estimate and the correct value falls into two categories:
for shallow gradients there is a linear relationship; however,
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Fig. 1. Estimation accuracy.

when the facet is steeper than the illuminant vector, i.e.
|q|¿ 0:2, self-shadowing occurs and the estimate begins to
saturate. The estimator is accurate for shallow angles and
underestimates the slope of steeper facets.

4. Consistency of the recovered signal

We recover the indentations made by the pen on the pa-
per surface. To identify the indentations we must know their
form—and assess the variability of that form. We would ex-
pect the writer, the writing implement and natural variation
in the handwriting of a single writer to a0ect the shape of
the indentation. We might also expect the type of ink to af-
fect the photometric recovery of the indention. In this sec-
tion we assess the e0ect of the type of pen and ink used, and
the variation within script from the same author.

A naive writer was asked to write a series of strokes with
di0erent pens: a felt tip, a propelling pencil, and several
ballpoints, Fig. 2. Two common types of ballpoint were
used: BICMedium and BIC Fine and di0erent colours of ink
were used. PS was applied and a series of pro/les, shown as

Fig. 2. BIC /ne, BIC medium and propelling pencil.

white lines in Fig. 3, were measured along the p derivative
/eld and are plotted in Fig. 4.
We found that the recovery algorithm was unable to de-

tect any indentations made by the felt tip. The pencil did
make detectable indentations—though these are not appar-
ent in the pro/le they are visible in the derivative /eld. The
ballpoints all made obvious indentations: these look like lo-
calised sinusoids. Note that the range of slopes measured
are well within the linear region of photometric estimation
discussed in the previous section—we would not expect the
estimate to saturate. There is some variation between di0er-
ent pens, however, the greatest source of variation appears
to be the natural variation of the writer. Furthermore, this is
a variation in amplitude rather than shape.

5. Recovery from uniform backgrounds

Our aim is to identify handwriting (topography) and sup-
press background printing (albedo). We estimate topog-
raphy by measuring how the direction of lighting a0ects
the variation the amount of light reNected from surface—
a non-reNecting surface would confound the algorithm. In
this section we assess the e0ect of dark backgrounds on the
recovered data.

We printed two, vertically aligned, blocks on a single page
with a modern laser printer (HP 2200 DTN) using a two
day old toner cartridge. The /rst block was set to black, the
second block was set to mid-grey, Fig. 5 (left). The printer
has a speci/ed resolution of 1200 dpi, corresponding to a
sampling frequency of approximately 47000 m−1. This is
well above the nominal sampling frequency of the camera
(approx. 9000 m−1), and the dithering associated with the
mid-grey block will be averaged out. A second naive writer
was asked to draw a single vertical, ruled line through the
blocks. The surface derivatives were estimated, and pro/les
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Fig. 3. Test samples.

of the ruled line were taken in the black, and mid-grey re-
gions. For comparison, a third pro/le was taken from the
unprinted region midway between the blocks.

Comparison between the pro/les taken in the mid-grey
and the unprinted regions shows that the mid-grey print has
had little e0ect and has been e0ectively resolved, Fig. 6.
The pro/le from the black region is attenuated compared
to the other two pro/les. However, both the signal and the
background noise have been attenuated, and the indentation
is still obvious.

6. Recovery from textured backgrounds

In many applications handwriting occurs on rapidly
varying backgrounds. These are particularly diQcult for
image-based algorithms. In this section we assess the abil-
ity of the algorithm to deal with textured backgrounds. We
printed two vertically aligned blocks on a single page, Fig. 5
(right). Both are white noise random processes, with means
equal to the mid-grey block of the previous experiment.
The blocks di0er in their standard deviation. As with the
previous experiment we estimate the p derivatives along
three pro/les. All pro/les show well developed peaks cor-
responding to the ruled line, Fig. 7. The peaks are similar
in shape and amplitude, though there is some variation in
the background noise level.

As an additional experiment we measured the standard
deviation of three areas of the image. The measured standard
deviations are all similar and what variation there is does
not correspond to the variance of the noise block, Table 1.
This suggests the major source of background noise is the
topography of the paper or errors in its estimation.

7. Papers

It is clear from the previous experiments that the majority
of background noise is due to the topography of the paper. In

this section we model the topography with the aim of reduc-
ing its e0ect. We recover the topography of three di0erent
types of paper: 100, 75 and 70 gm−2, Fig. 8. The root mean
square (rms) values of the surface derivatives are shown
in Table 2. The 100 gm−2 surface is clearly the roughest,
the other papers are approximately equal. The combined
power spectra of the surface derivatives are shown in Fig. 9.
All the spectra have a broadband signal component, whose
shape is dominated by the detrending /lter. However both
the 100 gm−2 and the 75 gm−2 papers have obvious addi-
tional evanescent components—vertical for the 100 gm−2

case, horizontal and diagonal for the 75 gm−2 case. The ra-
dial spectra are shown in Fig. 10. All the spectra are low
pass, and approximate an f−2 process.

8. A system

In the previous sections we analysed the shape and vari-
ability of the indentations, the e0ect of background print-
ing and the topography of the paper itself. We now use this
knowledge to develop a system to detect the indentations.

We can treat the recovery of indentations either as an
exercise in enhancement or detection. That is we can op-
timise either mean square error (MSE) or signal to noise
ratio (SNR). The MSE criterion is suitable where we must
determine the uncorrupted form of a signal that we know is
present. The SNR criterion is suitable where the form of the
signal is known, but its amplitude and time of occurrence
are not [20]. This is more suited to our application.

The SNR criterion leads to the matched 7lter, Eq. (1).

H (!) =
S∗(!)
N (!)

: (1)

If the noise is white, the /lter has the form of the
time-reversed signal. Fig. 10 shows that the noise is
coloured: in this case the matched /lter may not be realis-
able [21]. The usual approach is to pre-/lter the signal to
whiten the noise spectrum. Because we do not know what
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Fig. 4. Pro/les of the derivative /eld.
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Fig. 5. Test blocks: uniform background (left) and textured background (right).
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Fig. 6. Recovered pro/les from uniform background.

15 20 25 30 35
-0.1

0

0.1
Severe Noise

Distance (mm)

p e
st

15 20 25 30 35
-0.1

0

0.1
Moderate Noise

Distance (mm)

p e
st

15 20 25 30 35
-0.1

0

0.1
Noise Free

Distance (mm)

p e
st

Fig. 7. Pro/les recovered from textured background.

type of paper we are dealing with we cannot guarantee the
result of pre-/ltering will be white noise, i.e. the matched
/lter will be sub-optimal. However, by using a generic
high pass /lter (a wide band Gabor /lter) we can make the
background noise whiter and can improve the performance
of the matched /lter.

The matched /lter requires a prototype of the desired
signal. We used the recovered indentation of the horizontal

Table 1
Estimated roughness of di0erent regions

Noise prms

Severe 0.0061
Moderate 0.0056
None 0.0061



G. McGunnigle, M.J. Chantler / Pattern Recognition 36 (2003) 1869–1879 1875

Fig. 8. Test papers (lit to maximise visible texture).

Table 2
Estimated roughness of di0erent paper types

Paper prms qrms

100 gm−2 0.012 0.013
80 gm−2 0.006 0.004
60 gm−2 0.005 0.006

line shown in Fig. 5. The pre-/lter must also be applied
to the training signal before the matched /lter can be de-
signed. Until now we have considered the matched /lter as
being one dimensional. The desired signal is made up of
a series of randomly oriented strokes. If the /lter is made
more directional (and therefore wider) then it will improve
the recovery of some of the strokes. However, it will atten-
uate strokes that are not aligned with the /lter. The partial
derivative is a directional operator; by applying the /lter to
a derivative /eld we are /ltering a particular range of direc-
tions. Because the partial derivative is a steerable basis we
can gain selectivity in any direction. In practice, the level
of selectivity is poor and improvements can be gained by
making the /lters more directional.

We adopt the following approach. The matched /lter is
derived from a (reversed) horizontal pro/le of the indenta-
tion of the vertical line from Fig. 5. The /lter is widened
and weighted with a Gaussian. This form of the /lter is ap-
plied to the p-derivative, a rotated version is applied to the
q-derivative.

We treat the application as a problem of detection: imple-
mented as a matched /lter followed by a threshold. We use
the K-means algorithm to set the threshold. K-means does
not assume an a priori probability of the classes. In fact,
most of the written page is white space, and we have found
that applying K-means alone result in many spurious detec-
tions. To reduce the number of false alarms we decided to
introduce some domain knowledge into the algorithm.

We estimated the approximate ratio of white space to
black space using 12 images from the CEDAR database [22].
This database contains examples of on-line handwriting—
the samples are binary, and do not need to be thinned. It
therefore gives an upper bound on the amount of white space.
The results are shown in Table 3.

We used this result to modify the K-means algorithm:
if the hypothetical threshold results in less than 85% of
the page being classi/ed as white space, then the means
of the clusters are revised to increase separation and the
algorithm continues to iterate. Despite the arbitary nature of
the modi/cation, it does give a signi/cant improvement in
results.

After thresholding we apply an empirical, non-linear /l-
ter. For each pixel that is classi/ed as being black, we ex-
amine the surrounding 5×5 region. If none of the boundary
pixels are also black then the pixel is re-classi/ed as being
white space, otherwise the classi/cation is allowed to stand
Fig 11.

9. Illustrative examples

The previous experiments have all been analytical. We
now assess the ability of the proposed system to resolve
handwriting from background in practical examples. We
used 6 samples: Map, Form, Pay-in, Fig. 12 (lefthand
column) and Equation, Card, Checklist, Fig. 13 (lefthand
column). Each contains script written by a di0erent writer.
The central columns show the output of the matched /lter,
and the right-hand columns show the results of thresholding
and non-linear operations.

In all cases PS and thematched /lter e0ectively accentuate
the desired signal and attenuate the background. In theMap
example there are still traces of the printed background: the
most obvious are the black lines used to highlight streets. The
Form example has an obvious artefact in the top, left-hand
corner: this is caused by a crease in the paper which is de-
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Fig. 9. Log power spectra of paper samples.
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Table 3
Percentage of white space in database samples

Sample White space (%) Sample White space (%) Sample White space (%)

Shop 97 Doctor 97 Informal 95
Legal 97 Teacher 98 Meetings 96
Press 98 Movie 97 Insurance 91
Driving 97 Coach 94 Personal 97

Set

Image

Image

Photo-
metric
Stereo

Matched

Filter

K-means

Classifier

Non-
Linear
Filter

Binary

Fig. 11. General approach of detector.

tected as an indentation. In the Equation example the back-
ground has been e0ectively removed, though the exponents
of the equation, especially the diagonal strokes, have not
been properly detected. The Card example gives the poorest
results due to the resistance and topography of the card. The

Checklist sample is written on smooth, glossy paper. The
specular component of reNection does not seem to a0ect the
surface recovery, and the smoothness of the writing surface
causes fewer false detections—this is the most successful
classi/cation.
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Fig. 12. Examples: ambient images (left column), output of matched /lter (centre column) and segmentation (right column).

10. Discussion

We have found the technique is e0ective at resolving ball-
point handwriting from background printing. The shape of
the indentations is consistent—though amplitude does vary.
The greatest source of variation appears to be the natural
variability of a given writer and variations between di0er-
ent writers. Interestingly, Yamazaki et al. [23] use writing
pressure as a feature for writer identi/cation in their on-line
system. The most attractive feature of the scheme is that it
requires few assumptions about the handwriting or the back-
ground and does not require a template. Because the main
method of reducing background is photometric stereo—a lo-

cal process—there are no assumptions about the nature or
alignment of the background.

Set against these advantages, the technique has several
limitations. Firstly, photomteric stereo requires several im-
ages of the same scene: this requires extra resources either
of time or hardware. Secondly, the use of raking light causes
the average intensity of the surface to vary. Flat/elding can
reduce this e0ect, but in practice it is still a signi/cant prob-
lem. We reduce its e0ects by restricting ourselves to small
areas of the page approximately 56 mm × 56 mm. Thirdly
the technique measures topography: it will therefore detect
structures such as creases in the paper and indentations from
writing on previous pages. Both of these problems can be
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Fig. 13. Examples 2: ambient images (left column), output of matched /lter (centre column) and segmentation (right column).

reduced if the recovered text is combined with the test sam-
ple under ambient lighting.

11. Conclusions

We conclude that the combination of photometric stereo
and a detector based on a matched /lter can resolve hand-
writing from background printing. This technique has three
main disadvantages: it requires several images of each sam-
ple; it is sensitive to creases in the paper and indentations
made by writing on the previous page; and the variation
of incident light over the surface restricts us to relatively

small regions. Set against these disadvantages, the technique
requires fewer assumptions and domain knowledge of the
printed sample than the techniques reported in the litera-
ture. The technique has a di0erent set of advantages and
disadvantages from conventional separation techniques. We
conclude that the proposed approach is complementary to
existing techniques and is best suited to applications where
domain knowledge of the sample is not available.
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