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Abstract

This paper tackles the problem of evaluating the
task of finding similar scanned historical water-
marks - small images embedded in historical pa-
per that have been digitized to be processed on a
computer - using pre-trained neural networks. This
research aims to identify an efficient and accu-
rate alternative to the traditional, time-consuming
manual detection methods for finding similar wa-
termarks. The primary issue addressed is the in-
efficiency of these manual methods. The evalua-
tion focuses on finding similar watermarks for a
specific query watermark, assessing the efficacy
of neural networks in comparison to a prior art
system that employs traditional image processing
techniques. This comparison aims to determine
how well these neural networks perform in the task
of watermark similarity detection. The study in-
volves a dataset of 500 labeled images tested in
two distinct contexts: one using unprocessed im-
ages and another using images processed to keep
only the watermark outline. The results show that
pre-trained models achieve higher accuracy and
time efficiency compared to the prior art system
that uses image processing. These models demon-
strate significant effectiveness in watermark recog-
nition and comparison, with each network achiev-
ing over 80% accuracy for traced watermarks. Ef-
ficientNetBO achieved 94.66%, VGG16 89.33%,
ResNet50 86.67%, and InceptionV3 84%, while
the prior art system gets 64,8%. These results con-
clude that these models are valuable tools in the
field of watermark recognition and comparison.

1 Introduction

The watermarks studied in this work are small images embed-
ded in historical paper, that can only be seen when shining a
light from a specific angle. These watermarks were embed-
ded into the paper during the paper-making process by im-
pressing a design onto the paper while it was still wet and
malleable, using a wire mold or dandy roll. This information
is important to historians and researchers because watermarks
can provide details about the origin, place, or time of a doc-
ument [1]. In the past, watermarks served as an identifier for
the paper mill that made the sheet [2]. Nowadays, scientists
are trying to identify unique watermarks to know the evolu-
tion of commercial and cultural exchanges between countries
[3]. To discern a watermark a specialist must be contacted
and will manually search in the archives to find that specific
watermark, but this process might take a considerable amount
of time, from hours to days.

Traditional methods of watermark detection are very time-
consuming and effortful. Although accurate, manual search
is not scalable when managing large data archives. Conse-
quently, integrating automated techniques is not only a way
to streamline the process, but also a way to unlock historical
insights on a much larger scale. An example of an automated

technique is represented by pre-trained models, which are
machine learning models that have already undergone train-
ing on large datasets.

The pre-trained models demonstrate efficacy in image
comparison across various datasets. Even though some work
has been done on applying these models to watermark detec-
tion, a comprehensive performance comparison in an acces-
sible pipeline has yet to be fully explored. Specifically, the
research question

“How effective are the pre-trained models, VGG16,
ResNet50, EfficientNet, and InceptionV3 in improving
watermark recognition results?”

will be answered.

The task involves analyzing a system for watermark recog-
nition and comparison with pre-trained deep learning mod-
els, such as VGG16 [4], ResNet50 [5], EfficientNet [6], and
InceptionV3 [7]. These models aim to assess how effec-
tive they are in improving the results of watermark compar-
ison, as they demonstrated remarkable performance across
various datasets. These models — VGG16, ResNet50, Ef-
ficientNet, and InceptionV3 — were chosen due to their
proven performance in feature extraction and image recog-
nition tasks. Their robust architectures, combined with the
availability of pre-trained weights for transfer learning, make
them great candidates for improving watermark detection ac-
curacy. These models represent a balance of performance and
efficiency, making them particularly well-suited for this task.
While other models might offer unique advantages, the ex-
ceptional track records and widespread of these four provide
a reliable foundation for improving the effectiveness of wa-
termark recognition systems.

To conduct a comprehensive analysis on watermarks, it is
necessary to examine the following: effectiveness on traced
watermarks (tracings of watermarks), effectiveness on un-
traced watermarks (raw watermarks), effectiveness in com-
parison to a system made by Banta et al. [8], and speed of
the process. This process is done in two distinct contexts, one
which uses the raw watermarks (in their unchanged form) and
another context in which a set of pre-processing techniques
are applied to the watermarks, to enhance their visibility.

This research paper aims to explore the potential of deep
learning pre-trained models in the field of watermarks, in
comparison to this prior art system that uses traditional image
processing techniques [8]. This study tries to bridge the gap
between traditional manual methods and modern automated
techniques. Integrating deep learning into watermark recog-
nition aims to improve both speed and accuracy, making it
feasible to process vast historical archives. So, this study in-
vestigates the potential of VGG16, ResNet50, EfficientNet,
and InceptionV3 to overcome unique challenges posed by
watermark imagery, such as varying paper textures, degrada-
tion over time, and subtle differences in watermark designs.

The ideal outcome would provide a clear indication of how
pre-trained models can contribute to the effectiveness of wa-
termark recognition and comparison. Demonstrating signif-
icant improvements in accuracy, efficiency, or adaptability,
might establish the utility of the models in this domain, so it
might validate pre-trained models as valuable tools for water-



mark recognition.

2 Background

Deep learning, a subset of machine learning that significantly
advanced the field of artificial intelligence is used in this re-
search. This method “teaches” computers to process data in a
way that is inspired by the human brain. Deep learning allows
for the computation of models that are composed of multiple
processing layers to learn representations of data with mul-
tiple levels of abstraction [9] and it can recognize complex
patterns in, for example, pictures, texts, sounds and more, to
produce accurate insights and predictions. However, there is a
significant amount of time required for training these models,
especially when dealing with large datasets and complex ar-
chitectures. This can lead to substantial computational costs
and longer development cycles.

Each deep learning model trains a network composed
of numerous layers, wherein each layer contributes to the
model’s capacity to learn and generalize. A layer in a net-
work represents a structure that takes information from the
previous layers and passes it to the next layer in a different
form.

The concepts of depth, width, and resolution are funda-
mental in the architecture of neural networks. Depth denotes
the number of layers in a network. The width refers to the
number of neurons or filters in each layer, where broader net-
works can encapsulate a greater number of features at every
level. Resolution signifies the spatial dimensions of feature
maps (representations of the input data that highlight specific
features detected by the filters) generated by a layer (convo-
lutional layer).

Zeiler et al. [10] observed that neural networks can localize
the objects within a scene and that those objects are crucial for
image comparison. If the object is occluded, there is a strong
decrease in the network’s ability to classify the scene accu-
rately. Even though the importance of detecting the object
is very high, Zeiler et al. observed that the parts of the object
are analyzed only in the higher layers of the network, while in
the lower ones are examined: edges, textures, shapes, and pat-
terns. These conclusions were also drawn by Zhou et al.[11;
12]. Although objects are a key part of the classification,
the other representations used in combination with them (tex-
tures, materials) impact this process.

When working with large datasets, deep learning networks
require a period of several days to weeks to train, and to avoid
such a situation we use pre-trained models [13]. Training in-
volves feeding the network with data to learn the patterns and
adjust parameters for accurate predictions. It takes a con-
siderable amount of time due to the complexity of the mod-

with the definition of zero-shot learning [16], wherein the
model recognizes and makes predictions for tasks that have
never been encountered during the training phase.

The ImageNet competition, initiated in 2009, has been the
foundation in the field of computer vision and deep learn-
ing, playing a pivotal role in the emergence of various algo-
rithms [17]. ImageNet provides an extensive image database
structured based on the WordNet hierarchy, a system that or-
ganizes English words into sets of synonyms. Each node of
the hierarchy is associated with hundreds and thousands of
images. The weights from ImageNet are used because this
dataset contains a wide variety of objects and scenes and has
proven efficiency for a vast range of tasks. This database will
enhance the transfer learning process for VGG16, ResNet50,
EfficientNet, and InceptionV3 models by pre-training them
with these weights, thereby optimizing their performance.

The pre-trained models demonstrated efficacy in image
comparison across various datasets: natural disasters [18;
191, plants [20; 211, medicine [22; 23; 241, sports [25] etc.
Although some work has been done on applying these mod-
els to watermark detection (see Section 3), a comprehensive
performance comparison in a broadly accessible pipeline has
yet to be fully explored.

As previously mentioned, the deep learning models that are
used for watermark comparison in this paper are VGG16 [4],
ResNet50 [5], EfficientNet [6], and InceptionV3[7]. Those
are convolutional neural networks, considered to be some
of the best for image recognition and comparison. In this
context, “recognition” refers to the capacity of the system to
identify the watermark and to translate it into numerical data,
while the “comparison” process means detecting similar wa-
termarks based on this numerical data (Fig. 1).

Comparison
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Figure 1: Visual explanation of Recognition and Comparison

processes. Recognition refers to the capacity of the system to translate
the image into numerical data, while comparison refers to the process
of detecting similar watermarks based on this numerical data. Similar

els, large dataset size, high computational demands, and the
need to optimize millions of parameters. Pre-trained mod-

els are machine learning algorithms that reuse the knowledge
achieved from one or more tasks on a new task [14]. This pro-
cess is known as transfer learning, the reuse of knowledge to
solve a new task in a faster or more efficient way [15]. In this
case, zero-shot transfer learning is employed, as the weights
used for image classification were not explicitly trained on
data from this specific category of watermarks. This aligns

images usually have a higher similarity percentage.

VGG16 is unique because it has 16 layers with weights in
its architecture and does not rely on many hyperparameters
[4]. Tt is widely appreciated in the field of deep learning for
its simplicity and effectiveness.

ResNet50 is considered innovative because it uses residual



connections, that allow the network to learn a set of functhe digitization process remains slow. Therefore, any viable
tions that map the input to the output. The “50” in its namesolution designed to work with digitized watermarks must be
represents the total number of layers, demonstrating its depitapable of integrating newly acquired data.

and capacity to learn complex pattefgs This depth allows On this approach, Bounou et 0] built a web application
the model to progressively extract and combine features frorfor watermark recognition. To speed up the process, they ad-
simpler to more abstract levels, facilitating the recognition ofjusted how they measure similarity, but this change also made

complex patterns in the input data. the algorithm less precise. As of June 2024, the application is
Ef cientNet earned acclaim for its performance and ef- no longer available.

ciency in the eld of images. Itis considered a powerful con-  pondenkandath et d81] introduced a matching algorithm
volutional neural network architecture because it scales thg, 5t consists of a classi cation that uses a ResNet convolu-
width, depth, and resolution of the layers in a systematic angonal neural network initialized with the weights from the
compound manner rather than randoril, Ef cientNethas | ageNet dataset and a similarity matching algorithm. They
several variants, which means the number of layers can vary,erformed this algorithm on a database with 106,000 images
InceptionV3 stands out in the eld of convolutional neural 534 96 000 tracings from the dataset compiled by Gerhard
networks for its remarkable ability to execute deep processingiccard[27]. This dataset contains almost entirely quality

with a low computational cost. This is achieved by balancingyacings, so it does not compare with this case where also un-
the width and the depth of the layers, making it an ef cient y,5ced watermarks are under evaluation.

and accurate SOIU“O.” for image compariggh In its archi- A project that uses pre-trained models in the same way as
te(f;ﬁ;i';t hrft:lasrgzlgdr:atgd :Zﬁ:.sr'] models will be tested Othis research aims to is the one from TU Munich by Beri-
P : P Ing wi Bzchin et al.[32]. This project uses ResNet18 to extract the

e ot wseonEAIIe Veclos and Usss he Spoty An{Ealgorm
y nd similar watermarks, in a dataset of 6600 images. It has

{)?[r)nerr(kFlgi:iZ). ;Tr?:cre?; IO:?esr arg sitc(iansvti)g trnetctlﬂgts t(r)f WZén accuracy of more than 50% for the 25 nearest neighbors
ermarks (Fig. 3). Fro gure 5, 1t1s evide at traced, g 68% for the 50 nearest neighbors. In this context, ac-

\é\’i?éiin;?;% g—?—ﬂggl%/raeéﬂlbsl,thrg\%ebggltgsg dctgn;?f:féogef,oc“ acy refers to the proportion of correctly identi ed similar
X 9 termarks among the nearest neighbors.

catalogs such as the Briquet dateg8l, the Piccard dataset

[27], or the Bernstein datask2g], which can also be used for N this work, the system compared with the pre-trained
testing the pre-trained models. deep learning models is a watermark recognition and com-

parison systeni8] based on the database from the German
Museum of Books and Writing§ that got decent outcomes,
42% for a random dataset (with many unclear watermarks)
and 82% for a dataset with watermarks visible to the human
eye. These accuracy values indicate the proportion of cor-
rectly recognized watermarks within the datasets.

Banta et al.[8] built a system to automatically identify
similar watermarks using traditional image processing tech-
niques. The pipeline takes as input an image and tries to
extract useful information about the watermark and then cal-
culates its similarity with the comparison watermarks. This
pipeline contains a harmonization step, that is used in one
of the contexts of this research in which the watermarks are

Figure 2: Untraced watermark. Figure 3: Traced watermark. analyzed using pre-trained deep-learning models. The har-
monization aims to take the input image and isolate the wa-
termark from it, to keep only the outline of the watermark. It
involves the following steps: pre-processing (enhance image

3 Related Work contrast, remove shadows, remove lines), denoising (remove

Over the past decade, after the widespread of arti cial intel-10iS€), thresholding (segmentation based on intensity levels),

ligence for image recognition, researchers gained a new tognd pPost-processing (remove any elements that do not belong

for automating the process of comparing and identifying wa{0 the watermark.J8]. The effects can be seen step by step

termarks. There has been some research that uses deep ledRihe following gure (Fig. 4). _

ing algorithms, but not only pre-trained models. As features, this system uses the following three: SIFT
Shen et. a[29] proposed a watermark recognition solu- [34], Hu Momentg35] and Zernike Momenti36] and calcu-

tion that matches using a neural network, which needs to b&tes a geometric mean to get a similarity score. In compari-

retrained for every image added to the dataset. Continuou8Pn, this research uses the above-mentioned models as feature

database updates would make such implementation impra@xtractors.

tical, highlighting the inef ciency of frequent model training

and the utility of transfer learning. To this date, a signi cant  'German Museum of Books and Writings, “Gutenberg Bible Ex-

portion of watermark collections has not been digitized, anchibit,” accessed May 10, 2024, http://www.dnb.de/EN/museum.
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