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Abstract—In this short paper, I present my in-progress work
on a method of line detection in binary document scans that is
capable of differentiating solid and dotted lines. This method entails post-processing candidate lines detected using the progressive
probabilistic Hough line transform by filtering out false positives.
Solid lines are identified by performing a cut on the average pixel
value of the pixels along each candidate line, and dotted lines
are identified by performing a cut on the dominant frequency
of the Fast Fourier Transform of the same pixel values along
each candidate line. I demonstrate the efficacy of this method
by running this algorithm on a subset of binary TIF images
from the International Tracing Service digitized archives, one of
the world’s largest collections of Holocaust-related documents. In
the case of the International Tracing Service archive, classifying
documents based on line structure provides an effective method
of extracting information from the documents in an automated
fashion, an otherwise intractable endeavor due to low scan quality
and the prevalence of handwritten text throughout the archive.
My proposed method of identifying line structure represents the
first step in this proposed pipeline of classifying International
Tracing Service documents by line structure.
Keywords—line detection; dotted lines; computational archival
science; International Tracing Service; Holocaust research

I.

I NTRODUCTION

A ubiquitous challenge in digital archival science is the
extraction of metadata from images of documents in digitized
collections, a crucial step in improving the accessibility and
searchability of collections. Indeed, in the limit of very large
document collections, automated methods must be employed
in order to extract these metadata in a timely fashion. Handwritten documents and poor resolution document scans further
obfuscate this process, as batch extraction of text using optical
character recognition is often not possible. Consequently, other
methods of extracting metadata must be utilized. One such
method is document layout analysis: the segmentation of a
document into distinct regions for the purposes of document
classification and targeted analysis of specific regions, such as
targeted optical character recognition; a survey of literature on
document layout analysis can be found in [1]. One approach
to document layout analysis is to perform line detection on
document images and use the detected lines for segmentation
[2]-[6]. Indeed, much work has been done on line detection
in document images, including the development of algorithms
capable of detecting dashed and dotted lines [7]-[11]. Here, I
consider the case of binary images, in which the information
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loss in the binary pixel encoding manifests not only as the
loss of gray colors but also as the degradation of valuable
gradient information, making line detection and document
layout analysis even more difficult.
II.

A C ASE S TUDY: T HE I NTERNATIONAL T RACING
S ERVICE A RCHIVES

Established as a tracing service “to help reunite families
separated during [World War II] and to trace missing family
members,” the International Tracing Service (ITS) archive
represents one of the world’s largest collections of Holocaustrelated documents [12]. It contains document subcollections
ranging from concentration camp records to correspondences
attempting to identify unaccompanied children [13]. Beginning
in 2007, an effort to capture over 190 million images representing the collection was undertaken in order to make the
archive more accessible both to Holocaust victims and their
families and to historical researchers [14]. However, because
the archive still serves as a tracing service, the digitized archive
itself has been organized and indexed according to a phonetic
name system with sparse additional metadata. This lack of
metadata restricts the ability to search the digitized archive and
has necessitated the search for alternative automated methods
of extracting metadata.
Perhaps the most obvious method of extracting metadata
from images of documents in the ITS collection is using optical
character recognition to read typewritten text. However, an
overwhelming majority of the images in the ITS collection are
difficult to read using optical character recognition packages
for two primary reasons: the images are low resolution binary
TIFs, and much of the valuable information on the documents
is handwritten, not typewritten.
Fortunately, 47 million cards from the Central Name Index
(CNI), produced by the ITS staff to organize the documents in
the archive as a finding aid of sorts, have rich line structures by
which the cards can be classified [13]. Representative examples
of a subset of such card types are depicted at the end of
this paper. A card’s line structure is particularly useful in this
instance because the line structure is associated with other
forms of information, such as whether the card refers to a
person or to a specific document. Thus, detecting lines on the
binary TIF images of cards from the Central Name Index and
classifying the cards according to the identified line structure
provide a method of extracting a valuable form of metadata

from an archive too massive to be searched manually. Furthermore, the classification of the cards using the identified line
structure provides a separation of the cards into groups more
amenable and less amenable to optical character recognition,
as cards with certain types of line structure are less likely
to contain handwritten text. Lastly, line detection provides
a natural method of segmenting documents into regions for
targeted optical character recognition, and in this regard, line
detection serves as a method for bootstrapping the extraction
of metadata from this document collection. In this paper, I
focus solely on the initial progress made with first step of this
classification pipeline: the detection of lines on the binary TIF
scans of cards from the Central Name Index.
III.

M ETHODOLOGY: ROBUST L INE D ETECTION IN
B INARY S CANS OF D OCUMENTS

Ubiquitous methods of line detection in images are the
Hough line transform and variations thereof.1 Here, I adopt the
progressive probabilistic Hough transform (PPHT) as the first
step in line detection [15]; however, the following statements
are also true for the Hough line transform. In the case of binary
document images, the PPHT suffers from the information loss
in restricting each pixel to be either black or white. This information loss is particularly detrimental for the PPHT in the case
that the scan is noisy or the scan contrast is poor. Consequently,
there is an inherent tradeoff in applying the PPHT in the
case of binary document images with poor scan quality: either
one must choose parameters for a PPHT that result in many
true lines not being detected, or one must choose parameters
such that the PPHT results in false-positive candidate lines.2
While the former is preferable because it does not have such
a high proportion of false positives, it is inherently limited by
incompleteness. The latter method, on the other hand, is not
restricted by such limitations if there is an effective method
of eliminating false positives. In this section, I present a twopart post-processing method for filtering false positives that
is fairly robust to varying scan conditions. In particular, this
filtering process also differentiates solid lines from dotted lines,
providing more information about the underlying document
structure. Though other methods of identifying differing line
types have been explored [7]-[11], this method is noted for its
simplicity in only requiring minor postprocessing to the PPHT.
A. Part I: Identifying Solid Lines
Given a set of candidate lines returned by the PPHT,
the first question becomes how to identify the candidate
lines corresponding to true solid lines in the binary scans of
documents. I propose a simple filtering method according to
the following general observation: pixels corresponding to a
true solid line in an image are, on average, more likely to be
black than pixels corresponding to a false-positive candidate
line, such as a candidate line that runs over text or scan
noise. This provides a first-order method of eliminating falsepositives: given {(x1 , y1 ), (x2 , y2 )} coordinates of a line found
using the PPHT, these coordinates are mapped to pixel space
in order to identify a set of N pixels {(px,i , py,i )}N
i=1 that
1 The progressive probabilistic Hough transform [15], the randomized
Hough transform, etc.
2 These false positives include lines that run over text and lines that run
over noise from the scan.

fall along the candidate line. The average pixel value is then
computed by accessing the pixel value at each such pixel and
then averaging over all desired values. In order to account for
slight misalignment in the placement of true lines along the
transverse axis by the PPHT, I suggest shifting the line locally
along the transverse axis, computing the average pixel values
for each line along these shifts, and recording the minimum
average pixel value of such lines.3
This metric decomposes the true solid lines and falsepositive solid lines into two fairly distinct groups, the distinctiveness of which is inversely related to scan quality. A
simple threshold cut can then be performed on the average
pixel values for all candidate lines in order to eliminate falsepositive lines with higher average pixel values. For a document
with no solid lines, the relative mass of lines with extremely
low average pixel values will inevitably be small, making the
identification of such a document fairly straightforward.
B. Identifying Dotted Lines
Identifying dotted lines in binary scans of documents provides a greater challenge, given that the method described in
Section III-A eliminates dotted lines: dotted lines have higher
average pixel values because a dotted line by definition consists
of periodic stretches of white pixels in between stretches of
black pixels. Thus, an alternative method of identifying dotted
lines must be considered.
The method that I propose for identifying dotted lines
exploits the periodicity of dotted lines. Here, the logic is as
follows: a false-positive line may have the same average pixel
value as a dotted line, but a false-positive line running over
text or scan noise should, in general, exhibit less periodicity.
Thus, a measure of the periodicity of the lines should be a
reasonable first-order metric for identifying dotted lines. Here,
I measure the periodicity of a candidate line by taking the
Fast Fourier Transform (FFT) of the pixel values along the
candidate line and calculating the dominant frequency of the
FFT; a dotted line should have a high corresponding dominant
frequency. Analogous to Section III-A, I recommend shifting
the candidate line locally along the transverse axis and taking
the dominant frequency corresponding to the line with the
minimum average pixel value in order to account for small
error in line placement with the PPHT. A threshold cut on
dominant frequency then identifies dotted lines.
In principle, FFT dominant frequency should also be an
effective method of identifying solid lines because solid lines
should have a dominant frequency of zero. However, based
on empirical evidence using the binary document scans in the
ITS document collection in question, average pixel value is
a better indicator of solid lines, as described in Section IV.
Consequently, this dominant frequency cut in its current form
is advocated for the identification of dotted lines only.
IV.

R ESULTS : C ENTRAL NAME I NDEX C ARDS FROM THE
I NTERNATIONAL T RACING S ERVICE A RCHIVES

In this section, I present the results of running this line
detection algorithm on a small subset of binary TIF scans of
3 I adopt the convention that a black pixel is 0 and a white pixel is 255,
and thus, the lowest minimum average pixel value corresponds to the darkest
average pixel.

Central Name Index cards from the ITS archive. This section is
not intended to be a comprehensive analysis of this method’s
performance on the Central Name Index cards but rather is
intended to serve as a demonstration of the potential for this
method, as it is a work-in-progress. For all tests, I used my
personal laptop, a 2015 15-inch Macbook Pro with a 2.8 GHz
Intel Core i7 processor. I wrote all code in Python and utilized
OpenCV for all image processing through the PPHT step.
Though this method has by no means been optimized for
runtime yet, it requires about 1 second of runtime per image
on my laptop; optimizing this algorithm for runtime is left for
future work.
To pre-process the images for the PPHT, I first cropped the
images by ten pixels along their borders in order to eliminate
false-positive lines due to scanner misalignment. I then applied
the Canny edge detector with an aperture size of 3 [16].
Next, I processed the images with the PPHT as implemented
by OpenCV with the parameters empirically set as follows:
minimum line length = 25, maximum line gap = 50, ρ = 1.25,
θ = π/100, and threshold = 50. The results of running the
PPHT on a sample image after the Canny edge detector can be
seen in Figure 1. In accordance with Section III, these settings
were chosen such that the PPHT would identify too many lines
rather than too few because the false positives can be filtered
out using my proposed method.
Next, I computed the average pixel value for each candidate
line using the pixel values in the original image. I computed
the dominant frequency for each candidate line using the pixel
values in the original image convolved with a Gaussian with
a 5 × 5 pixel kernel because this blurring on average yielded
a better decomposition of the dotted lines and the rest of the
candidate lines under the metric of FFT dominant frequency, as
determined empirically.4 In computing both the average pixel
value and dominant frequency in accordance with Section III,
I chose to shift each candidate line along its transverse axis
by two pixels in both directions in order to account for slight
misalignment with line placement by the PPHT.
In Figure 1, I present a scatter plot of dominant frequency
versus average pixel value for candidate lines in a sample
Central Name Index card with both solid and dotted lines. As
seen in the scatter plot, these metrics do indeed separate the
candidate lines into a distinct low average pixel value cluster
and a distinct high dominant frequency cluster, at least in the
case of a cleanly-scanned image. As one would expect, these
clusters start to blend with the false positives more as the scan
quality of an image decreases, meaning that the cuts on average
pixel value and dominant frequency become less effective.
The procedures for selecting both cut points were tuned
using of order hundreds of sample images. For the average
pixel value cut point, I used kernel density estimation (KDE)
4 It is important to note here that a 5 × 5 pixel kernel is not optimal
for identifying dotted lines in all images; for some images, less smoothing
performs optimally, and for others, more smoothing performs optimally. This,
of course, must be addressed in any final implementation of this line detection
algorithm; ordinarily, I would show concrete examples of this phenomenon in
this paper, but this paper is intended to be a short overview of this project.
One possible solution is to run the line detection algorithm with multiple
different kernel sizes on each image and then utilize all of these realizations in
the classification algorithm, as different smoothing kernels highlight different
physical scales.

with a bandwidth of one-third of the bandwidth specified by
Scott’s Rule to fit the average pixel values of all candidate
lines for a given image. I then took the cut point to be the
left-most minimum with an x-coordinate less than an average
pixel value of 70, if one existed (if not, no cut point was
taken). In order to handle the case of an image with no solid
lines, I computed a 50-bin histogram of average pixel values
for the candidate lines in an image and enforced that if the
identified cut point was greater than 40, no more than 1/3 of
the total lines that fell into bins up to the one containing the
cut point could also fall into the five bins just to the left of the
bin containing the cut point. If this criterion was not met, then
no cut point was taken. This method proved to be robust in
eliminating false-positive cut points and handled Central Name
Index cards without solid lines effectively, at least when run
on several hundred images; an example of this is presented in
Figure 2.
One must be more careful in identifying the cut point
for dominant frequency than for average pixel value for two
reasons: images without dotted lines can still produce large
clusters of candidate lines with higher dominant frequencies
relative to the rest of the identified candidate lines, and
the dominant frequencies of dotted lines vary from image
to image.5 Consequently, naively picking the first minimum
above a certain threshold does not perform as well in this
case. For this reason, I chose the cut point for dominant
frequency as follows. First, I produced a histogram of dominant
frequencies weighted by line length with 50 bins ranging from
a dominant frequency of 0 to a dominant frequency of 0.25
pixels−1 .6 I then identified a cut point by adding each bin to
its right neighbor (ignoring the rightmost bin) and identifying
the rightmost such bin with a left endpoint greater than 0.08
pixels−1 such that the count in the bin was greater than 7, 000.
This was tuned empirically using of order hundreds of images,
but the general strategy of identifying the last minimum before
a peak with high mass in the weighted histogram should in
general be a reasonable approach.
In Figures 2, 3, 4, and 5, I present the results of applying
these cuts in average pixel value and dominant frequency to
4 example cards. In conjunction with the example in Figure
1, one can see that this method successfully filters out most
of the false-positive candidate lines, with some exceptions.
In particular, this method fails to remove two primary types
of false-positive lines: small candidate solid lines that fall on
stretches of text that are entirely black, and candidate dotted
lines that run over text and coincidentally happen to have
high dominant frequencies due to the periodicity of the white
space between the text characters. It is worth noting that many
of these false-positive lines can be removed by filtering out
lines that are skewed relative to the other lines in the image
because the lines on the Central Name Index cards are all either
horizontal or vertical relative to the page (but not necessarily
aligned to the scan coordinates, as some images in the archive
have been scanned at an angle, as seen in Figure 3). This can
be accomplished by performing a cut on the modified z score
5 This is due to the size of the printed dots, not due to varying pixel size
from different scan resolutions.
6 Weighting the histogram by line length was motivated by the fact that
for the ITS CNI cards, one expects dotted lines to be on average longer than
false-positive lines, as determined empirically.
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Fig. 1. An eight panel plot showing the line detection algorithm presented in this paper applied to a sample Central Name Index card from the International
Tracing Service archives. This card was chosen because it has both solid and dotted lines and therefore serves as a representative example of both cut point
selection procedures. In the scatter plot, the cluster of candidate lines with low average pixel values and the cluster of candidate lines with high dominant
frequencies can readily be seen. The dotted red lines correspond to the cut points. The two plots on the top left and the two plots on the bottom left are included
to elucidate the cut point selection procedure described in Section IV. On the right half of the plot, the top image corresponds to the original binary TIF image
of the Central Name Index card, as found within the ITS archive. The middle image shows in green the candidate lines identified by the progressive probabilistic
Hough line transform according to the parameters detailed in Section IV. The bottom image shows the results of the candidate line filtering process that constitutes
the post-processing step in my line detection algorithm; here, solid lines are plotted in red, and dotted lines are plotted in cyan. A few false-positive solid lines
appear over the bottom portions of text, and small regions of dotted lines are filtered out, but overall, this procedure filters solid lines and dotted lines to a high
degree of accuracy. CNI card of Zbigniew Pracownik, 0.1/32699964/ITS Digital Archive, USHMM

of the skew angles of the candidate lines.7
The other failure mode is the case in which a scan is bright,
and solid lines are fragmented by the scanning process, as
seen in Figure 5. In particular, the cut on average pixel value
eliminates any candidate lines that are indeed correct solid
lines. These cases are exceptionally difficult to handle, and I
am currently working on making this more robust.
V.

F UTURE W ORK

As stated throughout this paper, this line detection algorithm and its application to the International Tracing Service
archive are works-in-progress. Once this algorithm is refined
further, the next step would be to use this line detection
algorithm to classify the Central Name Index card images
by document type using a clustering algorithm or machine
learning. The exact method by which the detected lines will
be incorporated with the raw scan images in the classification
algorithm is left for future work. However, it is important
to note that this line detection algorithm highlights important
features of the document images for classification, and thus,
any classification algorithm would almost certainly benefit
from this information if incorporated appropriately. Once the
documents have been classified, the documents can be segmented using the detected line structure, as well as template
matching, enabling targeted OCR of localized regions of text.
In regard to improvements to this line detection algorithm
itself, there remain many avenues to explore. One example is
exploring alternative methods to cut point selection, such as
clustering; indeed, the cut point selection methods presented in
Section IV of this paper could be further improved in order to
eliminate the small fraction of false positives that are allowed
by these cuts, as well as to identify the true lines that are
eliminated with these cuts. In addition, understanding better
the optimal smoothing kernel for dotted line detection in each
image is important future work. Furthermore, other methods
of line detection should be explored in order to supplement
this method. I have begun modifying the method of histogram
of oriented gradients for application in this context but do not
yet have any results to share. Lastly, running this line detection
algorithm on the tens of millions of cards in the Central Name
Index would require optimizing the code for runtime.
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Fig. 2. A two panel plot showing a card with no lines on the left and the results of the line detection algorithm on the right. The line detection algorithm
identifies no lines on the card, as desired. CNI card of Sabina Korn, 0.1/28204178/ITS Digital Archive, USHMM
Original Binary TIF

Filtered Lines

Fig. 3. A two panel plot showing a skewed card with many solid lines on the left and the results of the line detection algorithm on the right. CNI card of
Miroslav Konecny, 0.1/28003889/ITS Digital Archive, USHMM
Original Binary TIF
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Fig. 4. A two panel plot showing a card with both solid and dotted lines on the left and the results of the line detection algorithm on the right. Solid lines are
plotted in red, and dotted lines are plotted in cyan. CNI card of Marion Komieczny, 0.1/28004164/ITS Digital Archive, USHMM
Original Binary TIF
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Fig. 5. A two panel plot showing a card with solid lines on the left and the results of the line detection algorithm on the right. Here, the sensitivity of the
algorithm to scan quality is evident: the vertical line is split into many shorter lines in the scan, and the algorithm fails to identify it. This failure mode is
currently being explored. CNI card of Josef Konieczny, 0.1/28005015/ITS Digital Archive, USHMM

