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ABSTRACT
Recent initiatives like the Million Book Project and Google Print
Library Project have already archived several million books in
digital format, and within a few years a significant fraction of
world’s books will be online. While the majority of the data will
naturally be text, there will also be tens of millions of pages of
images. Many of these images will defy automation annotation for
the foreseeable future, but a considerable fraction of the images
may be amiable to automatic annotation by algorithms that can
link the historical image with a modern contemporary, with its
attendant metatags. In order to perform this linking we must have
a suitable distance measure which appropriately combines the
relevant features of shape, color, texture and text. However the
best combination of these features will vary from application to
application and even from one manuscript to another. In this work
we propose a simple technique to learn the distance measure by
perturbing the training set in a principled way. We show the
utility of our ideas on archives of manuscripts containing images
from natural history and cultural artifacts.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Retrieval models

Keywords
Historical Digital Libraries, Historical Manuscripts, Image
Annotation, Information Extraction

1. INTRODUCTION
Recent initiatives like the Million Book Project and Google Print
Library Project have already archived several million books in
digital format, and within a few years a significant fraction of
world’s books will be online [10]. As Kevin Kelly recently noted,
“the real magic will come in the second act, as each word in each
book is cross-linked, clustered, cited, extracted, indexed,
analyzed, annotated, remixed, reassembled and woven deeper
into the culture than ever before” [12]. While this quotation
explicitly singles out text, a similar argument can be made for
images. Clearly the majority of the data gleaned from scanned
books will be text, but there will also be tens of millions of pages
of images. Many of these images will defy automation annotation
for the foreseeable future, however a considerable fraction of the
images may be amiable to automatic annotation by algorithms that
can link the historical image with a modern contemporary, with its
attendant meta tags [2]. As a concrete example, consider Figure 1.

Figure 1: A page from a scientific text published in 1849
[6]. The heavily stylized scrip is difficult to read even at
full resolution, however we have independently confirmed
that the three insects are (left to right) Zygaena
filipendulae, Acherontia atropos and Syntomis phegea

In this image the text annotations will surely defy even the state-
of-the-art handwriting recognizers [1], and humans, particularly
those without experience in reading cursive script are also
unlikely to be able to parse these words. Suppose that we segment
out the individual insects and search for the most similar images
on the web (for the moment, we will gloss over the technical
details of how this is done). In fact we have done this, and
discovered the image in Figure 2.

Figure 2: An image of Acherontia atropos, also known as
the Death's-head Hawkmoth, retrieved from URL [24]

The image is uncannily like the query image, we can confidently
assume it is the same (or closely related) species and therefore we
can link the historical image to its modern counterpart to provide
context and annotations to the digital archive. In this example the
shape and color provided the necessary clues to the identity of
unknown object. More generally, different sets of features may be
useful depending on the application. For example, most Diatoms
(eukaryotic algae) are colorless when viewed at the microscopic
scale, but are often richly textured, as in Figure 3.



Figure 3: Left) Plate 5, fig. 44 of a Smith’s British
Diatomaceae (1853) [19], Right) An image of Triceratium
favum, a type of Algae, retrieved from URL [25]

Here (rotation invariant) shape and texture allow us to link this
object to a modern image, and learn of the latest research on this
intriguing life form.

In this work we propose a general framework for annotating large
archives of historical image manuscripts. Our work is similar in
spirit to the work of Agosti et al. [2] on the automatic discovery of
relationships among images in illuminated manuscripts; however
we are focusing on the lower level primitives to support such
work. We use different feature spaces such as shape, color and
texture. We then we combine these similarities using appropriate
weights. Our experiments show that the accuracy we can obtain is
higher using a combined feature similarity measure than we can
obtain using any individual single feature calculation. Our
fundamental contribution is introducing a novel technique for
learning this weighting parameter, in spite of a lack of any labeled
training data.

The rest of this paper is organized as follows. In Section 2 we
consider the necessary background and related work in image
matching in the context of historical archives. In Section 3 we
introduce our novel algorithm for learning the appropriate
weighting parameter for combining different image features.
Section 4 contains an empirical evaluation on several datasets
which are up to five hundred years old. We concluded in Section
5 with a discussion of our results and directions for future work.

2. BACKGROUND AND RELATED WORK
The literature on image matching is vast, we refer the reader to
[22] for an overview. Most of the work is concerned with
efficiently and effectively matching images using one type of
feature, i.e. shape, color, texture or text annotations. If we are to
use more than one type of feature, we have the problem of finding
an appropriate weighting parameter w. Research on combining
two or more features tends to either assume that labeled training
data is available [21][20], or it considers specialized domains
where the value of w can be determined once and fixed forever.
However it is clear that for the general problem of manuscript
annotation the best value for w is highly data dependent. At one
extreme, we may have monochrome engravings of objects as in
Figure 4.Left, in which case we would wish to place all the weight
on the shape features. For the other extreme, imagine we are
matching heraldic shields as in Figure 4.Right, here there is very
little variation in shape (and none of it meaningful), and we would
wish the algorithm to consider color only1.

1 This is true in our particular dataset, see Figure 5 and Figure 17.
However in other datasets of heraldic shields the shapes can be very
useful.

Figure 4: Two examples at the extremes of color/shape
importance for matching. Left) Historia Naturalis (1648)
by John Johnston (engraved by Matthaeus Merian). Right)
Coats of arms. fols. 25v-26r. Founders' and benefactors'
book of Tewkesbury Abbey. Early 16th century.

There are many existing techniques for learning this mixing
parameter w, if we have access to subjective similarity judgments
[20][16][21]. While we would not rule out human interaction to
refine a distance measure in an important domain, the scale of the
problems we wish to eventually consider means that we would
like to have a completely automated system to at least bootstrap
the process and produce an initial high quality measure.

There are also dozens of methods for learning distance measures
if we have labeled training data. One basic idea is to use a
wrapper over all possible feature weights [4], another idea is to set
up a classification problem where the input is two objects and the
output is 0 if they are in the same class and 1 if they are not. We
can then train a classifier which provides continuous output, like
an SVM or neural network [11]. The continuous output of the
trained classifier can then be used as a distance measure [14]. The
problem with all these approaches is that they require labeled
training data. However we are explicitly assuming that we do not
have any such labels. We simply have a collection of objects
manually or automatically extracted from documents. As we shall
see in Section 3, our solution is to produce pseudo-labeled data
and use it to learn the w parameter.

2.1 Image Matching Primitives
While we plan to present a generic technique to allow us to find a
mixing parameter w for any of the many measures defined for
shape, color, texture or text features, for concreteness will we will
show the particular shape and color measures we use in the
diverse experiments in this work.

2.1.1 Color Matching
While many information retrieval uses of color use a single color
histogram to represent the entire query object, it is clear that in
many areas of historical manuscript annotation we need to
consider the localized arrangements of color. Consider for
example the four heraldic shields shown in Figure 5. It is clear
that all four must have near identical color histograms, yet they
are clearly distinct.
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of any kind. Nevertheless we can use this idea, by creating
synthetic pairs of objects. The idea is that for each object in the set
of historical manuscripts A, we create a new example of it and
place these objects in set B, we can then use the algorithm in
Table 1 directly.

The success of this idea relies upon our ability to produce realistic
pairs. At one extreme, if we simply duplicated each object, there
could be no “distortion”to learn, and any value of w would give
perfect accuracy. At the other extreme, if we simply randomly
create objects and label them in the same class then we should
expect the classifier to perform at close to the default rate, since
there is no structure to learn from.

We have created two strategies for creating the necessary pairs.
The first is very simple, but only works for objects which are
symmetric about at least one axis. While this is the case for many
objects of interest, including butterflies/moths, bird eggs,
arrowheads etc, it is not true for some natural objects, including
mollusks shells, lateral views of most macroscopic animals and
some cultural artifacts. Because of this we have also created a
generic technique for creating synthetic pairs which does not
require symmetry. We discuss both methods in the following two
sections.

3.1 Exploiting Chirality2

The intuition here is to assume that there is one idealized object
for each class. This idealized object can never be reproduced
exactly, either by drawing it or photographing it. Any attempt to
reproduce it must invariably produce “distortions”, and it is the
purpose of our weighted distance measure to be invariant to these
distortions. We want to determine the weight that is most
invariant to the distortion realized both in drawing and
photographs. Although we cannot establish this in general, the
“two-of-each” assumption above allows us to empirically
determine the best weight for invariance to the distortion realized
just drawings, and we hope that this weight will generalize to
photographs too.

Note that many of the objects of interest in historical manuscripts
are approximately symmetrical. This suggests we can attempt to
create synthetic data simply by flipping existing images from left
to right along the central axis. Although idealized butterflies are
perfectly symmetrical, like most real world items, actual butteries,
and drawings or photographs of them, are never perfectly
symmetrical in either shape or color, as shown in Figure 10. We
therefore do not get the exact same butterfly after reversal, and we
can treat the flipped image as a new example.

Figure 10 : Examples flipped near-symmetrical objects
taken from historical archives. Left) A Per Bend heraldic
shield. Center) A Danaus plexippus butterfly. Right) A
projectile point

In the examples in Figure 10, our algorithm would find that
reversing a heraldic shield makes little difference to the shape, but

2 A figure is chiral (and said to have chirality) if it is not identical to its
mirror image.

can make a large difference to the color distribution. In contrast,
reversing the projectile point makes no difference to the color
distribution, but affects the shape (note the asymmetric tangs at
the bottom of the shape). Finally for the butterfly example, the
reversal makes subtle differences to both color and shape,
suggesting (correctly, as we shall see) that both color and shape
are important in this domain. Of course, here we are only looking
at one example from each domain, there may be other examples
where reversal does not have the desired effect, for example two
of the heraldic shields in Figure 5 are near identical after reversal.
However for the algorithm in Table 1 to work we only require that
some fraction of the datasets offer clues to the relative importance
of shape and color by comparing to their enantiomorphs.

3.2 Pseudo-example Generation
As we shall demonstrate in Section 4, the simple technique to
exploit chirality proposed in the previous section works
surprisingly well. However, we need to have a more general
technique to create synthetic examples, given that we may have a
dataset of intrinsically asymmetric objects. We propose to do this
by averaging objects. Concretely:

For each object ai in A, we create a new object bi by averaging ai’s
shape with the shape of its nearest neighbor considering only
shape, and by averaging its color with the color of its nearest
neighbor considering only color. The set of all newly created
objects becomes the set B. Figure 11 gives a visual intuition of
this process.

Figure 11 : A visual explanation of the process of
producing a new synthetic example of the object ai. Top) A
set of shapes A. Bottom) A slightly distorted version of
object ai is created and labeled bi. Object aj is the nearest
neighbor to ai if we consider only shape, and ak is the
nearest neighbor to ai considering only color

As the figure suggests, we can generally expect the newly created
object bi to be similar to its “parent”ai without being identical. In
this toy dataset, only the shape of the objects is meaningful; the
colors are simply random shades of green. As we show in Figure
12, if we later attempt to classify object bi by finding its nearest
neighbor is set A, the value of the parameter w used in the
Combined_Dist function is critical. It is this criticality that lets us
automatically discover that shape is the key to this particular
dataset.

RGB ={0,128,0} RGB ={90,242,90}

ai aj ai ak

ShapeAvg(ai, aj)

bi

ColorAvg(ai, ak) = {45,185,45}

ai aka1 a3 aja2

... ...





4. EXPERIMENTS
In this section, we conduct experiments to demonstrate the utility
of our ideas. All experiments are designed to be completely
reproducible, the datasets and additional details can be
downloaded at [23]. We test both the exploiting chirality
approach and the more general Pseudo Example Generation (PEG)
method.

4.1 Pseudo-Example Generation of Insects
We extracted 84 hand-drawn insects from historical manuscripts
either available online or from historical books including [15][18].
The ages of the images in question range from 1658 to 1964. In
spite of their age, almost all of the images are colored, as it was
common practice in centuries past to print books in black and
white, and offer luxury editions that had been hand colored. Since
the majority of insects considered are butterflies, we will denote
this dataset “butterflies”for simplicity.

The extraction of the insects from the original archives was partly
manual, however in a parallel work we are exploring (with
initially promising results) completely automatic methods to
extract objects of interest from arbitrary texts.

With the 84 drawn butterflies as dataset A, we obtain the dataset B
using PEG, as described in Section 3.2. Figure 13 illustrates the
classification accuracy for different values of w on the butterflies
dataset.

Figure 13: Classification accuracy on the butterfly dataset
when the set B is obtained using PEG.

The classification accuracy is maximized when w equals 0.1 or
0.2. The result is similar to (but not exactly the same) as the result
we gain from the experiment on the same dataset using the
chirality method (as discussed below). The results suggest that we
can benefit from a combination of shape and color, and that using
only shape or only color would produce inferior results.

Having discovered the parameter setting, we can use the
Join_by_Combined_Measure algorithm shown in Table 2 to link
our 84 hand-drawn butterflies’dataset (A) with a larger reference
dataset (R). In this case dataset (R) consist of 852 real insect
images collected from various WWW sources, and the parameter
wmax = 0.2 as learned above. We made sure that at least one of
each of the 84 drawn butterflies appears in the larger collection,
base on the insect’s species. However we made no effort to make
sure that the shape, rotation or colors are the same.

Table 2:
Algorithm Join_by_Combined_Measure(A,R, wmax)

1

2
3
4
5
6
7

Calculate the normalized color/shape distance matrices
Distcolor /Distshape between A and R;
Combined_Dis = wmax * Distcolor + (1 - wmax) * Distshape;
for each object i in A

find i’s nearest neighbor j in R;
pair(i) = j;

end
return pair;

For all images used, we identified the species either from the
source material, or we had entomologist Dr. Agenor Mafra-Neto
identify them. With the help of Dr. Mafra-Neto we divided the
results into 3 categories, perfect matches, not perfect but plausible
matches and poor matches. The category “perfect but plausible”is
awarded to matches which are not correct at the species level, but
are in the same genus, or to insects known to be mimics of each
other.

In this experiment we had 16 perfect matches, 21 plausible
matches and 47 poor matches in total. Figure 14 shows some
representative examples of matches.

Figure 14: Sample matches from the butterfly experiment.
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4.2 Exploiting Chirality of Insects
Given the symmetric nature of insects, we also considered our
technique for exploiting the slight chirality apparent in drawings
of insects.

In this experiment, the set A is the original dataset of 84 hand-
drawn butterflies. Set B is obtained by mirroring all the images of
A from left to right and explained in Section 3.2. We use the
algorithm Learn_Weighting_Parameter shown in Table 1 to learn
the parameter w. Figure 15 shows the classification accuracy as a
function of w ranging from 0 to 1 with steps of 0.1. It shows that
we have the greatest accuracy when wmax = 0.4, which appears to
be significantly better than either of the shape measure only or the
color measure only.

Figure 15: Classification accuracy on the butterfly dataset
when the set B is obtained by exploiting chirality. When w
= 0 all the weight is on the shape features and when w = 1
all the weight is on the color features.

After performing a join with the same 852 real insect images used
in the previous section we had 15 perfect matches, 19 plausible
matches and 50 poor matches in total. This is slightly worst that
the PEG method, but still surprisingly good given the complexity
of the problem.

4.3 Exploiting Chirality of Heraldic Shields
For the heraldic shields dataset we do not currently have a
complete ground truth dataset. For our experiments, we created a
large set random set of shields by taking 25 common shield
patterns and randomly coloring them from a palette of 20 colors.
To make the problem more realistic, we also added Gaussian
noise with mean 0 and variance which is 1% of the original
variance, to the images, and randomly distorted the shape of the
templates by changing their height and width respectively by a
random amount chosen uniformly in the range of -10 to +10%. In
the end we have a dataset of 2,350 synthetic heraldic shields.

The historical archive consists of 100 images extracted from
Treatises on Heraldry, dating to the 15th century. The original
manuscript is housed in the Bodleian Library in Oxford.

Using the 100 hand-drawn images as the set A for the Algorithm
Learn_Weighting_Parameter(A,B) shown in Table 1, we created
the set B using the exploiting chirality Section 3.2. In Figure 16
we show the result of the experiment on this dataset.

Figure 16: Classification accuracy on the heraldic shields
dataset when the set B is obtained by PEG.

As we can see the classification accuracy improves when w
increases from 0 to 1. Figure 16 shows that the classification
accuracy is maximized when w = 1. The above result suggests that
only color information is important in this particular heraldic
shields dataset. This is because these objects have identical
outlines (within the limits of the artist’s ability) whereas their
colors are very diverse. Therefore it is not surprising that we have
greater accuracy when we employ only the color.

We used the algorithm Join_by_Combined_Measure shown in
Table 2 to combine the color and shape features on heraldic
shields dataset, where X is the 100 drawing heraldic shields
images and Y is the 2,350 synthetic heraldic shields, and wmax = 1.

In the absence of ground truth we divided the results into 3
categories, perfect matches, not perfect but plausible matches and
poor matches. Figure 17 shows examples of each type. In total, we
had 16 perfect matches, 19 plausible matches and 65 poor
matches. The vast majority of the poor matches are simply
patterns which did not exist in our database, or where the hand-
drawn historical image was highly degraded.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
20

30

40

50

60

70

80

90

ALL SHAPE w ALL COLOR

A
cc

ua
rc

y

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
77

78

79

80

81

82

83

ALL SHAPE w ALL COLOR

A
cc

ua
rc

y


